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Abstract 
 
Native vegetation condition provides an indication of the state of vegetation health or function 
relative to a stated objective or benchmark.  Measures of vegetation condition provide an 
indication of the vegetation’s capacity to provide habitat for a range of species and ecosystem 
functions through the assessment of selected vegetation attributes.  Subsets of vegetation 
attributes are often combined into vegetation condition indices or metrics which are used to 
provide information for natural resource management (NRM).   
 
In this thesis, vegetation condition refers to a measure of the value of a site for a specific 
purpose based on one or more stand-level attributes.  Despite their value as surrogates of biota 
and ecosystem function, measures of vegetation condition are rarely used to inform biodiversity 
assessments at scales beyond individual stands.  The extension of vegetation condition 
information across landscapes, and approaches for achieving this, using remote sensing 
technologies, is a key focus of the work presented in this thesis. 
 
The aim of this research is to assess the utility of multi-spectral remotely sensed data for the 
recovery of stand-level attributes of native vegetation condition at landscape scales.  The 
influence of a number of practical issues, such as spatial scale and ground data sampling 
methodology, are also explored.  While this study focuses on the assessment of vegetation 
condition in south-eastern Australia, the principles and approaches used are applicable across 
other landscapes.  In this thesis, vegetation attributes utilised in published vegetation condition 
metrics are considered.  Data from two operational multi-spectral sensors are used in this study: 
SPOT 5 and Ikonos.  These sensors were chosen as they were considered to provide 
appropriate data for landscape scale assessments of vegetation, and were available over the 
study area.   
 
The utility of multi-spectral remotely sensed data for the assessment of stand-level vegetation 
condition attributes is highly dependent on a number of factors including the type of attribute 
being measured, the characteristics of the vegetation, the sensor characteristics (i.e. the spatial, 
spectral, temporal and radiometric resolution), and other spatial data quality considerations, 
such as site homogeneity and spatial scale.  The variable utility of multi-spectral imagery is an 
important consideration in terms of landscape scale vegetation condition assessment using 
remotely sensed data, and will influence the content and accuracy of vegetation condition 
information derived from multi-spectral remotely sensed data.   
 
In this thesis, a number of different image processing techniques were used to investigate their 
potential utility for the assessment of vegetation condition.  Image processing undertaken in this 
study included (1) the calculation of image spatial statistics, (2) the calculation of a grey-level 
co-occurrence matrix (GLCM) and associated statistics, (3) the calculation of several multi-
spectral vegetation indices (MVIs), and (4) a supervised classification of the imagery.  Image 
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statistics were extracted from the remotely sensed data for known spatial areas that 
corresponded with ground data site locations.  Within these ground data site locations, a wide 
range of vegetation attributes were sampled. 
 
Poor compatibility between ground data and remote sensing data will greatly impinge the 
potential gains in inference that may be achieved by integrating the two approaches.  
Consequently, the use of an appropriate ground data sampling methodology is an important 
consideration for remote sensing studies and a key focus of this thesis.  A ground data sampling 
methodology was developed considering (1) the spatial structure of the remotely sensed data, 
(2) the spatial resolution of the remotely sensed data, (3) established methods used to measure 
vegetation attributes at a stand scale, and (4) other spatial data quality issues such as positional 
accuracy and site homogeneity.  
 
Associations between remotely sensed variables and vegetation attributes were examined.  
Mean spectral reflectance and texture measures, such as correlation and homogeneity, were 
identified as important remotely sensed variables associated with vegetation attributes.  MVIs 
such as the Normalized Difference Vegetation Index (NDVI) were also highlighted in this 
analysis.  This process also identified several vegetation attributes, such as hollow-bearing 
trees, which were not strongly correlated with remotely sensed data.  Regression models were 
derived for each vegetation attribute using variables calculated from either one or both sensors.  
Adjusted r2 values for models derived for vegetation cover attributes ranged from 0.16 to 0.56.  
Adjusted r2 values derived for stem density attributes ranged from 0.24 to 0.75.  Adjusted r2 
values for regression models derived for site vegetation condition scores range from 0.47 to 
0.54.   
 
While regression models can be used to derive statistical relationships between ground-based 
measurements and remotely sensed data, there are many different factors that influence these 
relationships.  A series of case studies are presented in this thesis which explore the effects of 
these factors.  Spatial scale and resolution is shown to have an important influence on the 
strength of derived models between vegetation attributes and remotely sensed variables.  The 
effects of temporal, spectral and radiometric sensor resolution are also explored.  Spatial data 
quality issues such as site homogeneity and attribute measurement methodology are shown to 
have considerable effects on the strength of derived relationships between remotely sensed 
data and vegetation attributes.  These case studies demonstrate the importance of different 
aspects of spatial data and how data manipulation can greatly affect the derived relationships 
between vegetation attributes and remotely sensed data. 
 
The work presented in this thesis demonstrates that while some measures of vegetation 
condition, such as vegetation cover and stem density, are readily recoverable from multi-
spectral remotely sensed data, others, such as hollow-bearing trees and log length, are not 
easily derived from this type of data.  This study sets limitations on the use of this technology for 
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vegetation condition assessment at regional scales and also demonstrates the practical impact 
of data quality issues that are frequently encountered in these types of applied integrated 
approaches.  The types of information derived from remotely sensed data, such as texture 
measures and vegetation indices, that are useful for vegetation condition assessments of this 
nature are also highlighted.   
 
This study demonstrates a practical integration of an existing approach to vegetation condition 
assessment with consideration of data requirements for a remote sensing study using two 
different sources of remotely sensed data.  This approach provides linkages between 
ecological, NRM, and remote sensing based assessments of vegetation condition. 
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1 Introduction 
 
The focus of this thesis is the assessment of the condition of native vegetation using remote 
sensing.  Measures of native vegetation condition (referred to in this thesis as vegetation 
condition) provide an indication of the state of vegetation health or function relative to a stated 
objective or benchmark (Alexander and Palmer 1999, Weller et al. 2001, Parkes et al. 2003, 
Thackway et al. 2007).  In this thesis measures of vegetation condition are considered to be 
distinct from measures of vegetation extent and configuration. 
 
Vegetation condition assessment is a recognised biodiversity management tool.  Conceptually, 
vegetation condition is integrated within natural resource assessment frameworks throughout 
many countries, such as Australia, United States of America, Canada, Europe, and the United 
Kingdom (Alexander and Palmer 1999, Neumann and Starlinger 2001, Eyre et al. 2002, Weiers 
et al. 2003, CCFM 2005, CSPO 2007).  Vegetation condition assessment is used as a 
monitoring tool, project evaluation tool, and a decision-making tool, in NRM arenas (Andreasen 
et al. 2001, Failing and Gregory 2003, Nelder 2006, Parkes and Lyon 2006).   
 
Vegetation attributes are commonly used as surrogate measures of biodiversity.  Biodiversity 
assessments are typically undertaken using measures of vegetation condition assessed at 
stand or local scales, and other measures of vegetation, such as type, extent and configuration, 
collected at landscape and regional scales (Briggs and Freudenberger 2006, Gibbons and 
Freudenberger 2006, Thackway et al. 2007).  Despite their value of surrogates of biota and 
ecosystem function, measures of vegetation condition are rarely used to inform biodiversity 
assessments at scales beyond individual stands.  Similarly, broad-scale information on 
vegetation condition is rarely used to assess the biodiversity values of individual stands in 
broader landscape or regional contexts.  However, this type of broad-scale information is 
increasingly required to support biodiversity management and conservation.   
 
Regional NRM approaches to biodiversity management are increasingly being utilised to deliver 
NRM outcomes throughout Australia, United States of America and Europe, and establish 
linkages between national policy outcomes and local NRM works (Farrelly 2005, McAlpine et al. 
2007, Thackway et al. 2007, Hajkowicz 2009).  To support the delivery of regional NRM 
outcomes, biodiversity information, including vegetation condition data are required at 
landscape and regional scales, in addition to stand or local spatial scales.  The extension of 
stand-level vegetation condition information across landscapes, and approaches for achieving 
this, using remote sensing technologies, is a key focus of the work presented in this thesis. 
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1.1 Vegetation condition assessment at stand or local scales 
 
Vegetation attributes measured at the scale of individual stands are often used as surrogates 
for species’ habitat and ecosystem function.  There is a large body of literature dedicated to the 
exploration of relationships between the occurrence and abundance of biota and different stand-
level vegetation attributes.  Many vegetation attributes (e.g. tree with hollows, mid-storey 
density, volume of coarse woody debris, litter cover) correlate with the presence or absence of 
different biota (Catling and Burt 1995, Freudenberger 1999, Livingstone et al. 2002, Fischer et 
al. 2004, Kavanagh et al. 2005, Lindenmayer et al. 2005, McElhinny 2005, McElhinny et al. 
2005, Ruiz-Jaen and Aide 2005, LeMay et al. 2008, Lindenmayer et al. 2008).  Stand-level 
attributes of vegetation can also be used to evaluate perceived threats to ecosystems, such as 
the presence of exotic plant species and regenerative capacity of native plant species, and 
evaluate the functionality of vegetation (Tongway and Ludwig 1997, Alexander and Palmer 
1999, Neumann and Starlinger 2001, Parkes et al. 2003, Fischer et al. 2004, CCFM 2005, Ruiz 
et al. 2005). 
 
There are many different surrogate measures for assessing vegetation condition suggested 
throughout the literature, with little consensus on a standard suite of variables.  In this thesis 
vegetation condition refers to a measure of the value of a site for a specific purpose based on 
one or more of these stand-level attributes. 
 
The variety of vegetation attributes used to assess vegetation condition is representative of the 
multiple purposes for which vegetation condition assessments can be undertaken.  Examples of 
vegetation attributes used as surrogate measures of vegetation condition include: canopy cover, 
understorey cover, exotic species cover, floristic diversity, coarse woody debris, stem density, 
species regeneration, and the presence of hollow-bearing trees (Alexander and Palmer 1999, 
Parkes et al. 2003, Gibbons et al. 2005, Ruiz-Jaen and Aide 2005, Eyre et al. 2006, McElhinny 
et al. 2006, Michaels 2006, Oliver et al. 2007).  Attributes that are used to assess vegetation 
condition typically have strong associations with a range of taxa or ecological functions of 
interest, can be assessed repeatedly over time and are relevant to policy and management 
objectives (Noss 1990, Saunders et al. 1998, Andreasen et al. 2001, Dale and Beyeler 2001, 
McElhinny et al. 2005). 
 
Suites of vegetation attributes meeting these criteria are often used to construct metrics or 
indices of vegetation condition that are used to underpin NRM decisions and actions.  There are 
numerous examples of vegetation condition metrics used in NRM including: Habitat Hectares 
(Parkes et al. 2003), Habitat complexity score (Newsome and Catling 1979, Catling and Burt 
1995, Freudenberger 1999), and BioMetric (Gibbons et al. 2005, Gibbons et al. 2009).  
Vegetation condition metrics have been developed for a number of applications, including the 
assessment of conservation or biodiversity value for use in NRM decision-making processes 
(Andreasen et al. 2001, Oliver and Parkes 2003, Parkes et al. 2003, DSE 2004, McElhinny 
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2005, Eyre et al. 2006, McElhinny et al. 2006, Michaels 2006), the assessment of the impact of 
management actions on an area of vegetation (Oliver and Parkes 2003, Oliver 2004, Gibbons et 
al. 2005, Gibbons et al. 2009), and forestry management (Alexander and Palmer 1999, 
Neumann and Starlinger 2001, CCFM 2005). 
 
The variety of vegetation attributes used to assess vegetation condition is representative of the 
multiple purposes for which vegetation condition assessments can be undertaken.  This style of 
index is an important tool, as they can be used to compare alternative scenarios and 
management decisions, and underpin NRM policy instruments that require quantifiable and 
comparative metrics, such as market-based instruments (Neumann and Starlinger 2001, 
Thackway et al. 2007, Hajkowicz 2009).   
 
Vegetation condition metrics such as those listed above provide an assessment of vegetation 
condition at site or local scales.  While some vegetation condition metrics also incorporate 
measures of vegetation configuration and extent at landscape and/or regional scales (Parkes et 
al. 2003, Gibbons et al. 2005, Eyre et al. 2006), stand-level vegetation attributes only inform 
local, rather than broader scale assessments.  An objective of this thesis is to make this type of 
local scale information available at broader scales using remote sensing technologies. 
 
 
1.2 The need for vegetation condition data at broad scales 
 
To support the delivery of regional NRM outcomes, biodiversity information, including vegetation 
condition data, are required at landscape and regional scales, in addition to stand or local 
spatial scales.  While stand-level vegetation attributes represent important surrogates for 
biodiversity, they are measured only at the local scale.  There is increasing recognition that 
assessments of biodiversity should also be undertaken across broader scales (Wu and Smiens 
2000, Fischer et al. 2004, Gibbons and Freudenberger 2006, Mac Nally 2007, Woinarski 2007, 
Zerger et al. 2009).  The distribution and variation of biodiversity across broad scales is an 
influencing factor for faunal species movement, richness and composition, plant species 
dispersion (including the spread of exotic species), the retention of resources within a 
landscape, and other ecosystem functions (Tongway and Ludwig 1997, Bennett et al. 2006, 
Radford and Bennett 2007, Lawes and Wallace 2008).   
 
The consideration of a landscape as an entity is a significant focus for NRM (Margules and 
Pressey 2000, Farrelly 2005, Turner 2005, Mac Nally 2007, McAlpine et al. 2007).  Landscape 
scale information enables a comparative assessment of vegetation remnants to be undertaken 
within a region.  Stand-level vegetation attributes used as surrogate measures of vegetation 
condition can be considered simultaneously across multiple remnants of vegetation within a 
landscape, providing information on the content of remnants within a landscape in terms of 
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regional scale biodiversity, and enabling individual remnants to be evaluated with respect to the 
surrounding matrix of vegetation. 
 
The assessment of biodiversity surrogates, such as vegetation condition, across broader scales 
can also be used to identify priority areas for NRM activities and funding, and identify areas that 
require more detailed studies, in addition to providing a contextual perspective for stand-level 
biodiversity assessments (Briggs and Freudenberger 2006, GBCMA 2007, VCMC 2007, Zerger 
et al. 2009).  Landscape contextual information can be used to ensure representative examples 
of ecosystems are identified, supporting the application of paradigms such as complementarity 
and systematic conservation planning, which advocate a need to maintain the 
representativeness of biodiversity across landscapes (Margules and Pressey 2000, Ferrier 
2002, Gaston et al. 2002, Pressey 2004).   
 
While there are numerous vegetation attributes used as surrogate measures of vegetation 
condition that are measured at the stand-level (e.g. floristic diversity, coarse woody debris, 
species regeneration) other surrogate measures, such as vegetation extent, fragmentation, and 
configuration, are more commonly assessed across broader scales (Turner et al. 2001, 
McGarigal et al. 2002, Ferwerda 2003, Parkes et al. 2003, Gibbons et al. 2005, Mac Nally 
2007).  However, there is an increasing need to assess stand-level vegetation attributes at 
broad scales to improve data and information used to underpin biodiversity planning and 
regional NRM.   
 
A lack of data at appropriate spatial scales is a limiting factor to the provision of vegetation 
information for effective NRM (Pressey 2004, Thackway et al. 2007).  Stand-level assessments 
of vegetation condition are unable to provide assessment or monitoring approaches across 
landscapes, nor effectively map variables in a regional context (Reinke and Jones 2006).  The 
focus of this thesis is the assessment of stand-level vegetation attributes across a landscape, 
rather than vegetation extent and fragmentation measures.  A further consideration is the 
establishment of relationships between data derived at different spatial scales.  The provision of 
landscape and regional information, and the exploration of linkages between site and landscape 
scale data, are key areas of work presented in this thesis. 
 
The ability to assess the vegetation attributes incorporated within stand-level vegetation 
condition metrics such as those mentioned above will: 
- improve biodiversity planning at broad scales through improved maps of key species’ 
habitat attributes, and improved information on potential threats, 
- improve the ability to assess the condition of individual sites in a broader landscape or 
regional context, and 
- improve the capacity to undertake monitoring at regional scales. 
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Remote sensing is a tool with great potential to deliver vegetation condition information at 
landscape and regional scales because of the area over which synoptic data can be acquired 
regularly.  The important role of remote sensing in the broad scale assessment of a range of 
attributes is increasingly being recognised through the acquisition of regional and global scale 
data derived from remote sensing sensors and platforms such as Satellite Pour l’Observation de 
la Terre (SPOT) 5, Landsat Thematic Mapper (TM), and the Moderate Resolution Imaging 
Spectrometer (MODIS).  The establishment of programs such as the Global Earth Observation 
System of Systems further emphasises the role of remote sensing in the assessment and 
conservation of ecosystems and biodiversity across broad scales (Muchoney 2008). 
 
Remotely sensed data has the ability to augment detailed stand-level surveys of vegetation with 
cost-effective and efficient landscape assessments of vegetation (Lee et al. 2003, Reinke and 
Jones 2006, Wallace et al. 2006, Muchoney 2008).  Technologies such as Geographical 
Information Systems (GIS) and remote sensing have enabled a number of multi-scale 
approaches to vegetation and faunal habitat modelling and mapping to be developed, enabling 
links between local and regional scales to be explored (Campbell et al. 1999, Lindenmayer et al. 
1999, Wu and Smiens 2000, Mackey and Lindenmayer 2001, Nagendra 2001, Weiers et al. 
2003, Fischer et al. 2004, Johansen and Phinn 2004).   
 
A strength of remotely sensed data is its ability to provide a spatially continuous sample of the 
landscape, compared with stand-based assessments of vegetation condition which provide a 
localised sample within a landscape (Brogaard and Ólafsdóttir 1997, Fassnacht et al. 2006, 
Reinke and Jones 2006).  Selected sources of remotely sensed data are also acquired over 
areas at regular temporal intervals, lending themselves to monitoring applications (Fassnacht et 
al. 2006, Muchoney 2008).  However, while remote sensing provides a synoptic view over broad 
areas, these data are limited in terms of spatial and spectral resolution, leading to a comparative 
loss of accuracy of vegetation measurements (Weiers et al. 2003). 
 
The use of ground data with remotely sensed data improves the efficiency with which vegetation 
attributes are assessed and utilised within vegetation reporting and monitoring frameworks (Lee 
et al. 2003).  However, the value of remote sensing for vegetation condition assessment 
depends on the ability to derive measurements of vegetation attributes in an acceptably 
accurate and consistent method (Margules and Pressey 2000, Lee et al. 2003).  A strategy to 
identify the strengths and weaknesses of multi-spectral remotely sensed data for the 
assessment of vegetation condition is an important area of research, and a focal point of the 
work presented in this thesis. 
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1.3 Research questions 
 
While many different methodologies for the assessment of vegetation at a stand or local scale 
have been developed and used in NRM (as discussed above), methodologies to assess 
vegetation condition across broader scales, and the establishment of linkages between 
vegetation condition assessments at different spatial scales, are less advanced.  The work 
contained in this thesis contributes to the development of data and analytical tools in this area 
through the use of multi-spectral remotely sensed data to assess stand-level vegetation 
attributes simultaneously across landscapes.   
 
Vegetation attributes measured as ground data and used as surrogates of vegetation condition 
have been taken from two currently operational stand-level vegetation condition assessment 
methodologies: Habitat hectares (Parkes et al. 2003) and BioMetric (Gibbons et al. 2005).  The 
methodology used to assess vegetation attributes at a site scale was based on the BioMetric 
native vegetation condition assessment methodology (Gibbons et al. 2005), which is a 
methodology used across New South Wales, Australia.  This assessment methodology is used 
extensively by NRM bodies within the study area. 
 
The use of previously published vegetation condition assessment approaches provides 
important links between the work presented in this thesis and current operational stand-level 
vegetation condition assessment methodologies.  While stand-level vegetation condition 
assessments use a number of individual vegetation attributes to calculate a condition score for a 
site, this work focuses on the assessment of individual vegetation attributes across a number of 
spatial scales. This approach enables sub-sets of these attributes to be used in a number of 
potential applications, including the spatial prediction of habitat for individual species or species 
groups, the spatial prediction of threatening processes, the spatial prediction of certain 
ecological functions (e.g. regeneration), and the construction of any vegetation condition index 
that draws on these attributes. 
 
The aim of this research is to assess the utility of multi-spectral remotely sensed data for the 
recovery of stand-level attributes of native vegetation condition.  This work focuses on 
fragmented and degraded landscapes.  These landscapes represent areas of interest for NRM 
applications, but introduce difficulties in terms of remote sensing analysis.  Therefore the 
influence of a number of practical issues on the assessment of vegetation attributes using multi-
spectral remotely sensed data is also explored.  While this study focuses on the assessment of 
vegetation condition in south-eastern Australia, the principles and approaches used are 
applicable across other landscapes. 
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The choice of remote sensing platforms used in this study was limited to operational-focused 
multi-spectral sensors.  Two sources of multi-spectral satellite imagery are used in this project: 
SPOT 5 and Ikonos.  Multi-spectral sensors such as these provide synoptic data at landscape 
and regional spatial scales, acquired at regular time intervals.  Other types of remote sensing 
platforms, such as hyper-spectral sensors and airborne platforms such as LiDAR (Light 
Detection And Ranging) sensors, were explicitly excluded from this project as they acquired 
over smaller spatial areas, are less suited to repeated landscape scale assessments, and are 
not considered to be operational in the context of assessing vegetation condition at regional 
scales.   
 
A major focus of this work is the recovery of stand-level vegetation attributes from remotely 
sensed data through statistical models.  Associations between remotely sensed data and 
features of interest are a key component of remotely sensed product calibration and validation 
(Campbell et al. 1999, Liang 2004, Campbell 2007).  Associations between ground and 
remotely sensed data are used to derive estimates of variables across landscapes.  This 
requires a detailed knowledge of the relationship between remotely sensed data (recorded as 
spectral reflectance) and the vegetation attributes of interest.   
 
However, there are several issues that influence associations between ground and remotely 
sensed data, which are also considered in this thesis.  Sensor characteristics, such as spatial, 
spectral, radiometric and temporal resolution, are key influences on the remotely sensed data 
recorded by a sensor and therefore have a large impact on the utility of sensors for this type of 
application.  The use of two sensors in this study facilitated a comparative analysis of the two 
data sources and an evaluation of the influence of these sensor characteristics.   
 
Consideration of spatial data quality issues is required to improve the ability of existing field 
surveys to accommodate needs of remote sensing applications (McCoy 2005, Reinke and 
Jones 2006).  Poor compatibility between ground data and remote sensing data will greatly 
impinge the analysis of the data and any identified relationships (Congalton 1991, Defries et al. 
2000, Liang 2004, Reinke and Jones 2006).  The key spatial data quality issues considered in 
this thesis, in terms of ground data sampling and data analysis are: (1) spatial scale and 
resolution; (2) temporal resolution; (3) positional accuracy of spatial data; (4) site homogeneity; 
(5) attribute measurement approaches; and (6) other data quality issues such as metadata.  
These types of spatial data quality issues are well documented within the literature (Morrison 
1995, Hunter et al. 2003a, Comber et al. 2006, Reinke and Jones 2006).  The case studies 
presented in this thesis provides a working example of the application and influence of these 
spatial data quality issues.  This is an important area of research, as spatial data derived across 
multiple spatial scales and created from multiple sources are increasingly used for NRM 
applications.  
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The following research questions are addressed in this thesis: 
 
RQ. 1 How can existing site-based vegetation assessment methodologies be adapted to 
provide adequate ground data for vegetation condition predictions using 
operational multi-spectral remote sensing sensors? 
RQ. 2 Which remotely sensed variables (both spectral and textural measures) correlate 
best with vegetation condition attributes? 
RQ. 3 What is the utility of multi-spectral remote sensing data in providing estimates of 
vegetation condition attributes? 
RQ. 4 What is the influence of remote sensing platform characteristics and key spatial 
data quality issues on the utility of multi-spectral remote sensing in providing 
estimates of vegetation condition attributes? 
 
1.4 Thesis structure 
 
This thesis explores relationships between stand-level vegetation attributes and multi-spectral 
remote sensing data using ground data and two sources of multi-spectral remotely sensed data.  
The effects of selected spatial data quality issues on these relationships and the general utility 
of multi-spectral remote sensing data for vegetation condition assessments are explored.  The 
structure of the thesis is shown in Figure 1.1.   
 
Chapter 1 provides a contextual overview of the thesis, and outlines the aims of this study.  
Chapter 2 is a review of approaches for assessing stand-level vegetation attributes using 
remotely sensed data.  An outline of the spectral reflectance characteristics of vegetation and 
the use of vegetation indices is also presented in this chapter.  A review of selected spatial data 
quality issues that are explored throughout this work is presented in Chapter 3.  Chapter 4 is an 
overview of the study area for this project.  A description of the remotely sensed data used in 
this project is given in Chapter 5.  Image pre-processing steps are outlined and details of the 
different image processing methods employed, including vegetation indices, spatial statistics, 
and derivation of texture statistics, are also provided.  A ground data collection methodology 
developed for this project is presented in Chapter 6.  The methodology adapts an existing 
vegetation sampling scheme designed for site-based assessments, to a sampling scheme 
suitable for use with several sources of remotely sensed data with varying spatial resolutions.  
The development of this protocol, and the methods used to address key spatial data quality 
issues are detailed, addressing RQ 1. 
 
Chapter 7 is an analysis of the statistical correlations between remotely sensed variables 
calculated in Chapter 5 and the stand-level vegetation attributes presented in Chapter 6.  A 
preliminary analysis of vegetation attributes is presented and a core set of 13 vegetation 
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attributes is identified.  A core set of image analysis techniques useful for the analysis of these 
vegetation condition attributes is identified.  The work presented in this chapter addresses RQ 2.  
Chapter 8 presents statistical relationships derived between remotely sensed variables and 
stand-level vegetation attributes.  This analysis builds on the results presented in Chapter 7, 
and addresses RQ 3.  A series of case studies is presented in Chapter 9, providing examples of 
how spatial data quality issues (reviewed in Chapter 3) and sensor characteristics (outlined in 
Chapter 5) influence the utility of remotely sensed data to provide regional assessments of 
stand-level vegetation condition attributes.  This work addresses RQ 4.  A concluding synthesis 
of the work presented in this thesis, and areas of potential future research, is given in Chapter 
10. 
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Figure 1.1.  An outline of the structure and content of this thesis, demonstrating linkages 
between the information presented in individual chapters 
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2 Remote sensing of vegetation condition attributes 
 
2.1 Introduction 
 
The ability of remotely sensed data to provide measures of vegetation attributes is highly 
dependent on the characteristics of the vegetation, imagery, and individual sensor.  Remote 
sensing based vegetation assessments range from highly detailed assessments of individual 
trees, e.g. Holmgren and Persson (2004), to regional evaluations of selected vegetation 
attributes, e.g. Lucas et al (2006), and global assessments of vegetative cover, e.g. Defries et al 
(2000).  There are a wide range of approaches and technologies used to assess vegetation 
using remotely sensed data.  For example, satellite remotely sensed data provide an efficient 
method to measure stands of vegetation in a timely manner, particularly over larger tracts of 
vegetation (Coops and Culvenor 2000, Zawadzki et al. 2005).  Other technologies, such as 
airborne hyper-spectral imagery, can be used to provide a more detailed assessment of 
vegetation attributes across smaller areas (Bunting and Lucas 2006, Lucas et al. 2008).  While 
there are few standardised methodologies for retrieving vegetation attributes from remotely 
sensed data, some approaches, such as the derivation of vegetation indices, are routinely 
applied across a variety of vegetation types and landscapes at multiple spatial scales. 
 
This chapter reviews methods for assessing stand-level vegetation condition attributes utilising 
remotely sensed data.  Structural, compositional, and functional attributes of vegetation, which 
are primary attributes of biodiversity, as presented in Noss (1990), are considered.  Individual 
vegetation attributes that are reviewed here are those used in published vegetation condition 
assessment metrics (see Section 1.1), and those investigated in this study.  Remote sensing 
principles are also reviewed with respect to the measurement of vegetation spectral properties, 
including the wide range of published vegetation indices derived from remotely sensed data, 
which are used for a number of applications.  
 
2.2 Spectral reflectance characteristics of vegetation 
 
The spectral reflectance of vegetation determines the type and accuracy of vegetation 
information that can be derived from remotely sensed data.  Therefore, an understanding of the 
spectral reflectance characteristics of vegetation, and the factors that influence this response, is 
necessary to derive meaningful relationships between vegetation and remotely sensed data.  
This section contains an overview of the spectral characteristics of vegetation and approaches 
to image processing that are relevant to this thesis.  The use of spectral characteristics and 
image processing techniques for the derivation of vegetation attribute information from remotely 
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sensed data is reviewed in Section 2.3.  For further introductory information, comprehensive 
introductions to remote sensing concepts and environmental remote sensing applications can 
be found in Jensen (2000), Lillesand et al (2004), and Campbell (2007). 
 
2.2.1 Spectral properties of vegetation 
 
The spectral reflectance properties of vegetation and surrounding surfaces influence the type 
and accuracy of information derived from remotely sensed data.  The spectral reflectance 
properties of vegetation can be considered in terms of individual leaves and their components, 
or in terms of larger canopy surfaces.  While the biophysical components of vegetation play a 
dominant influence, water content also controls spectral reflectance characteristics.  The 
spectral reflectance of vegetation, and features that influence this spectral response, are 
summarised below. 
 
Different sections of the electromagnetic spectrum (EMS) (Figure 2.1) are of interest for remote 
sensing of different variables.  Multi-spectral remote sensing systems often record spectral 
reflectance in the visible (blue, green and red), near infrared (NIR), shortwave (or mid) infrared 
(SWIR), and thermal infrared (TIR) portions of the EMS.   
 
 
Figure 2.1.  The electromagnetic spectrum, highlighting different sections of interest and their 
corresponding wavelengths (Lillesand et al. 2004) 
 
Once electromagnetic energy reaches the earth’s surface, it is either reflected, absorbed, or 
transmitted, according to Equation 2.1.  Different proportions of energy are absorbed, reflected 
and transmitted dependent on the characteristics of the surface features and the wavelength of 
the energy, which assists in the differentiation of target features.  Spectral reflectance is the 
portion of energy that is reflected from the surface. 
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EI(λ) = EA(λ) + ER(λ) + ET(λ) 
2.1 
where EI = incident energy 
  EA = absorbed energy 
  ER = reflected energy 
  ET = transmitted energy 
  λ = wavelength 
 
The spectral response of vegetation is characterised by lower reflectance in the visible portion 
of the EMS and high reflectance of NIR wavelengths, as illustrated in Figure 2.2.  
Electromagnetic energy is strongly reflected by structures that approximate the size of the 
wavelength.  Thus different structures influence reflectance at different wavelengths.  For 
example leaf pigments, such as chlorophyll, influence spectral reflectance at shorter 
wavelengths (0.4 – 0.7µm), while reflectance at longer wavelengths, such as NIR, is dominated 
by the internal structure of the leaf and leaf cells (Bannari et al. 1995, Armitage et al. 2000, 
McCoy 2005).  The spectral responses of vegetation corresponding with the three dominant 
controlling factors highlighted in Figure 2.2 are discussed below. 
 
 
 
Figure 2.2.  A generalised vegetation response curve, showing energy wavelength, key 
absorption features and vegetation components controlling vegetation reflectance 
characteristics (Liang 2004) 
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Spectral reflectance of vegetation in the visible range of the EMS (0.4 – 0.7µm) is largely 
influenced by leaf pigments, such as chlorophyll a and b, and β-carotene (McCoy 2005, McCloy 
2006).  These pigments reflect energy in the green visible region of the EMS (Figure 2.1), and 
absorb blue and red wavelengths (Bannari et al. 1995, McCoy 2005).  There are two major 
chlorophyll absorption bands: from 0.43 – 0.45µm and from 0.65 – 0.66µm (Figure 2.2) (Jensen 
2000, Liang 2004).  The relative reflectance of energy in the visible region of the EMS can 
provide important measures of vegetation productivity and growth, measured by photosynthetic 
activity.  Photosynthetically active vegetation has low reflectance in the red and blue visible 
regions of the EMS, as energy of these wavelengths is absorbed during the photosynthetic 
process through chlorophyll pigments (Bannari et al. 1995, Mather 2004).  As leaves senesce, 
chlorophyll production decreases and spectral reflectance of these wavelengths increases 
(McCoy 2005).   
 
In general, as vegetation cover increases, NIR reflectance increases and red reflectance 
decreases (Coulter and Stow 2009).  Compared with green vegetation, dead vegetation 
absorbs more energy in the blue and green portions of the EMS and has higher levels of 
reflectance at longer wavelengths.  The amount of reflectance decreases as the dead 
vegetation decomposes (McCloy 2006).  Patterns of spectral reflectance across the visible 
portion of the EMS are used to indicate plant growth stage and vegetation stress (Dickson et al. 
1999, ERSG 2003).   
 
For vegetation, there is a marked increase in spectral reflectance across the NIR portion of the 
EMS (0.7 – 1.3µm) compared with the visible portion (Figure 2.2).  Spectral reflectance in the 
NIR region is influenced by the internal structure of leaves and leaf cell components (Bannari et 
al. 1995, Mather 2004, McCoy 2005).  Within the NIR region there are two major water 
absorption features at approximately 0.9µm and 1.2µm.  The sharp increase in spectral 
reflectance between the red visible and NIR portions of the EMS is termed the ‘red edge’ and is 
a key feature of the spectral reflectance of vegetation.  Many approaches to remote sensing of 
vegetation, such as vegetation indices (see Section 2.2.3), are based on this difference in 
reflectance between the red visible and NIR portions of the EMS. 
 
The increase in NIR reflectance across vegetative surfaces assists in discriminating vegetation 
from other land cover such as soil and water.  NIR reflectance relates to green biomass and can 
be used to discriminate species based on biomass or foliage differences (Teillet et al. 1997, 
Nagendra 2001).  While some plant species vary in their spectral response across the visible 
portion of the EMS, variability between plant species can be accentuated in the NIR portion, 
aiding species discrimination using remotely sensed data (Wallace and Campbell 1998, 
Paterson et al. 2001, Holmgren and Persson 2004, McCoy 2005, McCloy 2006).  Leaf water 
content also influences the reflectance properties of vegetation, particularly in the SWIR region 
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(1.3 – 3.0µm) of the EMS (Dickson et al. 1999, Nagler et al. 2001).  Within this region there are 
major water absorption features present at approximately 1.4µm, 1.9µm and 2.7µm (Figure 2.2).  
The amount of water absorption present at these wavelengths is directly influenced by the level 
of plant moisture content (Nagendra 2001, McCoy 2005).   
 
At a tree or canopy scale, the spectral response of vegetation becomes increasingly complex 
compared with that at a leaf scale, as multiple factors influence spectral reflectance in addition 
to those summarised above.  Key factors that affect the spectral reflectance of vegetation at a 
canopy scale include the size and orientation of leaves, the physical arrangement of the canopy 
or plant, the plant species distribution within an area, the spatial distribution and density of 
vegetation and shadows, and the distribution of other land covers such as soil, water and wood 
(Bannari et al. 1995, Armitage et al. 2000, Nagendra 2001).  The influence of these factors 
becomes increasingly complex as larger areas of vegetation, such as remnant stands, are 
considered.  The use of multi-spectral remotely sensed data to recover information relating to 
vegetation condition attributes measured at a stand scale is reviewed in Section 2.3. 
 
The temporal influence on vegetation spectral response is a key consideration in terms of 
individual plant and landscape changes.  Vegetation phenology varies throughout the year 
following species-specific growth patterns, and the spectral reflectance of vegetation changes 
accordingly (Jensen 2000, Turner et al. 2003, McCoy 2005, McCloy 2006).  These changes 
alter the ability of remotely sensed data to discriminate particular species or vegetation types at 
different stages throughout the year, such as differences between deciduous and evergreen 
tree species.  The variability of vegetation phenology also instigates changes in reflectance, 
such as those due to alterations in leaf pigmentation due to plant senesce (Nagendra 2001, 
Golevitch et al. 2002, Holmgren and Persson 2004).  Seasonal changes in vegetation, and the 
use of multi-temporal remotely sensed imagery, can be used to aid the discrimination of plant 
species or vegetation types (Davidson and Csillag 2001, Nagendra 2001, Townsend and Walsh 
2001, Morisette et al. 2003, Turner et al. 2003, Lawes and Wallace 2008). 
 
 
2.2.2 Image textural properties of vegetation 
 
In addition to the spectral reflectance characteristics of vegetation, texture measures derived 
from remotely sensed data are also used to provide vegetation information and assist in 
discriminating different features of interest.  Image texture is a measure of tonal variation within 
an image, which is influenced by the level of quantisation, or number of grey levels used to 
record spectral reflectance data.  The number of grey levels is dependent on the radiometric 
resolution of a sensor (see Section 5.2.1).  Remotely sensed data can be recorded using a 
range of quantisation levels including 8-bit data (256 grey levels), 11-bit data (2048 grey levels), 
and 12-bit data (4096 grey levels).  Image texture can be characterised by relationships 
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between individual band grey levels (Haralick 1979, Woodcock and Strahler 1987, Carr and de 
Miranda 1998).  It is linked to key spatial of topological characteristics of vegetation such as 
crown shape, vegetation remnant patch size and shape, and canopy cover.   
 
Image texture can be used to improve the classification accuracy of spectral-based image 
processing approaches, such as vegetation indices, or as a classification technique in its own 
right (Dickson et al. 1999, Carr 2000, Emerson et al. 2005, Zawadzki et al. 2005, Berberoglu 
and Curran 2006, Johansen et al. 2007, Rocchini 2007, Estes et al. 2008).  There are multiple 
methods and image processing techniques used to characterise remotely sensed image texture 
including image spatial autocorrelation features, image semivariance, and grey-level co-
occurrence matrix (GLCM) calculations.  These are briefly discussed below. 
 
There are a number of spatial autocorrelation statistics which have been developed for use as 
image texture measures including Moran’s I, Geary’s C, and Getis-Ord.  These types of spatial 
autocorrelation measures identify clusters of pixels within an image, and are useful for edge 
detection or the delineation of image object extent (Emerson et al. 2005, RSI 2005).  There are 
numerous other measures of image texture in addition to spatial autocorrelation statistics.  
Another measure of image texture is semivariance.  Image semivariance is a measure of 
dissimilarity (Curran 1988, Tso and Mather 2001).  A semivariogram is a plot used to relate 
semivariance to spatial distance, and can be used to represent the spatial structure of remotely 
sensed imagery (see Section 5.4.3 and 6.2) (Woodcock and Strahler 1987, Curran 1988, Coops 
and Culvenor 2000, Song and Woodcock 2002).  Semivariogram parameters can also be used 
in image classification and interpretation.  Semivariogram parameters, such as the maximum 
semivariance (sill) and distance at which maximum semivariance is reached (range), have been 
related to vegetation attributes such as basal area, crown closure, timber volume, and crown 
diameter (Dickson et al. 1999, Merino de Miguel 2000, Zawadzki et al. 2005, Kayitakire et al. 
2006). 
 
GLCM calculations are widely used in remote sensing image texture processing (Haralick 1979, 
Carr and de Miranda 1998, Carr 2000, Tso and Mather 2001).  A GLCM derives textural 
information from an image by analysing grey-level tonal relationships between a pixel and 
adjacent pixels (Haralick 1979, Tso and Mather 2001).  Measures derived from a GLCM have 
been used in conjunction with spectral statistics to derive vegetation attribute information such 
as vegetation cover, tree density, and riparian vegetation health, from multi-spectral remotely 
sensed data (Huang et al. 2001, Armston et al. 2004, Johansen and Phinn 2004, McCloy 2006, 
Rocchini 2007, Estes et al. 2008, Morales et al. 2008). 
 
Image textural features are linked closely to the spatial resolution of the sensor.  A fundamental 
characteristic of remotely sensed imagery is the spatial resolution of the sensor, or the size of 
the ground sample area (Woodcock and Strahler 1987).  The usefulness of texture in remote 
sensing studies depends on the relationship between the spatial resolution of the sensor and 
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image object size (Song and Woodcock 2002, Groom et al. 2006).  The value of texture 
measures is, in part, dependent on the spatial resolution of the sensor (Zawadzki et al. 2005, 
Kayitakire et al. 2006, Rocchini 2007).  The use of textural measures in remote sensing studies 
has increased as the spatial resolution of sensors has become higher, using a smaller ground 
sample distance to record spectral reflectance, creating a greater ability to quantify spatial 
relationships between image objects (Zawadzki et al. 2005).  The use of image texture to derive 
information about vegetation condition attributes from remotely sensed data is reviewed in 
Section 2.3. 
 
 
2.2.3 Multi-spectral vegetation indices 
 
Vegetation indices are a group of radiometric functions that provide information about 
vegetation reflectance and biomass.  Many different vegetation indices have been developed to 
provide information on a range of vegetation characteristics such as vegetation cover, leaf 
density or leaf water content.  Vegetation indices calculated using multi-spectral remotely 
sensed imagery, multi-spectral vegetation indices (MVIs), also known as broad-band vegetation 
indices, are briefly reviewed here.  The use of MVIs for the assessment of vegetation condition 
attributes is reviewed below.  Vegetation indices derived from other sources of remotely sensed 
data, such as hyper-spectral imagery, have been excluded as these remote sensing platforms 
are not used in this study.   
 
MVIs can be considered as either orthogonal or ratio vegetation indices (Liang 2004).  
Reflectance values of soil, when plotted in terms of NIR and red reflectance, form a straight line 
known as the soil brightness line (Liang 2004, Campbell 2007).  The spectral response of 
vegetation has a predictable relationship to the soil brightness line.  Orthogonal vegetation 
indices, such as the Perpendicular Vegetation Index (PVI) and Tasselled Cap Transformation 
(TCT), quantify the perpendicular distance from the soil brightness line.  The soil line is 
estimated using a linear regression, and is based on the soil brightness index from the TCT.  
The TCT is similar to a Principal Component Analysis, and uses remotely sensed data to 
generate four principal axes of information: (1) a soil brightness index, (2) a greenness 
vegetation index, (3) a yellow stuff index, and (4) a non such index (Bannari et al. 1995, Jensen 
2000).  These axes have been shown to relate to information such as vegetation type, 
vegetation age, soil type and soil moisture content (Liang 2004). 
 
Ratio vegetation indices are based on ratios of different spectral bands, and have been widely 
reported in the literature.  Examples of commonly used ratio MVIs include the Normalized 
Difference Vegetation Index (NDVI), the Soil Adjusted Vegetation Index (SAVI), and the 
Enhanced Vegetation Index (EVI).  A summary of selected ratio MVIs is presented in Table 2.1.  
Commonly, ratio MVIs include red and NIR spectral reflectance, as these regions of the EMS 
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provide important information about vegetation (see Section 2.2.1).  Due to the relationship 
between red and NIR reflectance, the ratio between spectral reflectance in these two regions is 
high where healthy actively growing vegetation is present.   
 
Table 2.1.  A summary of selected multi-spectral vegetation indices, and the equations used to 
derive them from multi-spectral remotely sensed imagery 
 
Vegetation 
index 
Equation Reference 
Simple Ratio 
(SR) 
Red
NIR
SR =  
 
Pearson and Miller 
(1974) in Bannari et al 
(1995) 
Normalized 
Difference 
Vegetation 
Index (NDVI) 
RedNIR
RedNIR
NDVI
+
−
=  
Rouse et al (1974) in 
Bannari et al (1995) 
Transformed 
Vegetation 
Index (TVI) 
0.5NDVITVI +=  Rouse et al (1974) in Bannari et al (1995) 
Soil Adjusted 
Vegetation 
Index (SAVI) LRedNIR
L)Red)(1(NIRSAVI
++
+−
=  
Huete (1988) 
Modified Soil 
Adjusted 
Vegetation 
Index (MSAVI) 
 
Red)2(NIR0.5)(NIR0.5NIRMSAVI 2 −−++=  
Qi et al (1994) 
Transformed 
Soil Adjusted 
Vegetation 
Index (TSAVI) 
)γX(1γbRedγNIR
b)γRedγ(NIR
TSAVI 2++++
−−
=  
Baret and Guyot 
(1991)  
Atmospherically 
Resistant 
Vegetation 
Index (ARVI) 
RBNIR
RBNIR
ARVI
+
−
=  
 
Where: Red)γ(BlueRedRB −−=  
 γ = atmospheric correction term 
 
Kaufman and Tanré 
(1992) 
 
Soil and 
Atmospherically 
Resistant 
Vegetation 
Index (SARVI) 
LRBNIR
L)RB)(1(NIR
SARVI
++
+−
=  
 
Where: Red)β(BlueRedRB −−=  
 
Kaufman and Tanré 
(1992) 
 
Enhanced 
Vegetation 
Index (EVI) 
L)(1
LBLUECREDCNIR
REDNIR
EVI
21
+
+−+
−
=  
 
Where: 
 L=soil adjustment factor (1.0) 
 C1=atmospheric correction term (6.0) 
 C2=atmospheric correction term (7.5) 
 
Huete et al (2002) 
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MVIs have been developed for different purposes.  The development and uses of some 
routinely applied MVIs (summarised in Table 2.1) is presented here.  The Simple Ratio (SR), 
also known as the Vegetation Index Number (VIN), is one of the first published vegetation 
indices (Bannari et al. 1995, Jensen 2000).  The SR is a ratio of NIR and red spectral 
reflectance.   
 
The NDVI is one of the more commonly applied vegetation indices and also uses NIR and red 
spectral reflectance.  The index has been shown to respond to levels of green biomass, leaf 
chlorophyll content, and vegetation water stress (Jensen 2000, Liang 2004).  The NDVI is an 
effective measure of vegetative biomass, but has been shown to become saturated in areas of 
dense vegetation.  NDVI typically reaches a saturation levels where Leaf Area Index (LAI) 
values range from 3 to 5, depending on the vegetation type (Huete et al. 1997, Turner et al. 
1999, Liang 2004).  The NDVI is sensitive to background reflectance from soil surfaces and 
atmospheric effects, despite the normalisation in the equation reducing effects to a degree 
(Bannari et al. 1995, Dickson et al. 1999, Liang 2004).  These factors can affect the reliability of 
this index in some environments (Huete 1988, Baret and Guyot 1991, Huete et al. 2002, Liang 
2004). 
 
There are a large number of published variants of the NDVI which aim to reduce the influences 
of atmospheric and soil reflectance effects on the vegetation index.  The SAVI is based on the 
NDVI, but introduces a coefficient to reduce background soil effects (L) (Huete 1988). It is 
designed as a compromise between the two groups of vegetation indices: the ratio vegetation 
indices (such as the NDVI) and the orthogonal vegetation indices (such as the PVI) (Bannari et 
al. 1995).  The term L can vary between 0 and 1 depending on vegetation density.  Values of 0 
are used in areas of very high vegetation cover and values closer to 1 are used in areas of very 
low vegetation cover, while a value of 0.5 is suggested for a broad range of vegetation 
conditions (Huete 1988, Liang 2004).  The SAVI has been shown to reduce soil background 
effects for both tree and grass vegetation types, which have different leaf orientations that can 
confound variability in vegetation index calculations (Huete 1988). 
 
There are several vegetation indices that have been devised to extend the application of the 
SAVI.  The Modified Soil Adjusted Vegetation Index (MSAVI) is calculated using NIR and red 
reflectance, and was designed to increase the vegetation dynamic response and reduce soil 
background effects more effectively than the SAVI (Qi et al. 1994, Liang 2004).  The MSAVI 
replaces the static L factor in the SAVI with a self-adjusting value that does not require prior 
knowledge of the vegetation density (Qi et al. 1994).  The MSAVI has been shown to have an 
improved linear relationship with measures of green vegetative cover when compared with the 
SAVI, and a greater dynamic range which may make this index more sensitive to changes in 
vegetative biomass (Qi et al. 1994). 
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The Transformed Soil Adjusted Vegetation Index (TSAVI) is designed to minimise effects of soil 
variability (due to changes in solar zenith angle), LAI, and leaf angle distribution (Baret and 
Guyot 1991, Liang 2004).  The TSAVI incorporates an X term, commonly set at 0.08, which is 
an adjustment factor used to minimise soil reflectance effects (Baret and Guyot 1991, Liang 
2004).  The TSAVI aims to improve the SAVI approach by deriving the soil line slope and 
intercept values from the index calculation, rather than assuming the values of these prior to 
calculating the index (Qi et al. 1994). 
 
The Atmospherically Resistant Vegetation Index (ARVI) uses information in the red, blue and 
NIR regions of the EMS, and was developed to reduce the influence of atmospheric effects on 
the vegetation index (Kaufman and Tanré 1992).  The ARVI utilises the difference between blue 
and red reflectance to atmospherically correct red reflectance values, in addition to including a γ 
term (Kaufman and Tanré 1992, Huete et al. 1997, Jensen 2000, Liang 2004).  The ARVI and 
the NDVI have been shown to have comparable value ranges over a number of different land 
surfaces and are strongly correlated (Kaufman and Tanré 1992, Huete et al. 1997).   
 
The Soil and Atmospherically Resistant Vegetation Index (SARVI) incorporates the atmospheric 
correction function from the ARVI equation in addition to the soil adjustment term used in the 
SAVI (Kaufman and Tanré 1992).  The index aims to minimise atmospheric effects and the 
influence of canopy background reflectance (Kaufman and Tanré 1992, Liang 2004).  The use 
of both soil and atmospheric correction terms aims to produce a more stable vegetation index 
(Huete et al. 1997).  The SARVI is sensitive to changes in canopy structure, leaf morphology, 
and biophysical measures such as LAI (Liang 2004).  The SARVI and the SAVI are closely 
correlated (Huete et al. 1997). 
 
The EVI is a modified version of the NDVI and is routinely derived from MODIS data as a 
measure of global vegetative cover (Liang 2004).  The index incorporates a soil adjustment 
factor (L), as introduced in the SAVI, and is strongly correlated with this index (Huete et al. 
2002).  The EVI also introduces two C coefficients that describe the atmospheric correction 
based on the red and blue spectral reflectance (Huete et al. 2002).  The EVI is designed to 
improve the sensitivity of the vegetation index in areas of high vegetative biomass, while 
correcting for atmospheric and background reflectance effects (Huete et al. 2002).   
 
MVIs are correlated with different vegetation properties such as canopy cover, LAI, and fraction 
of Photosynthetically Active Radiation (fPAR) (Broge and Leblanc 2000, Wylie et al. 2002, Jiang 
et al. 2006).  The strength of the relationship between variables, and therefore the uses of an 
individual vegetation index in a specific landscape, is dependent on many factors, such as 
vegetation type, vegetation density, and atmospheric conditions.  Telliet et al (1997) also found 
that spectral bandwidth, particularly the wavelengths recorded in the red portion of the EMS, 
affected the calculated values of MVIs.  Indices such as the SR, NDVI, TVI, and ARVI are 
sensitive to changes in red reflectance levels, and variations in leaf chlorophyll content and 
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fPAR (Huete et al. 1997, Jensen 2000, Huete et al. 2002, Liang 2004).  Indices such as the EVI 
and the SARVI however are more sensitive to changes in the NIR region of the EMS, and 
respond to changes in leaf morphology (such as needle and broad leafed canopies), LAI, and 
biomass (Huete et al. 1997, Huete et al. 2002).   
 
The utility of MVIs for different purposes is dependent largely on the sensor being used, the 
vegetation type, and the vegetation properties of interest.  The development of MVIs designed 
to reduce the influence of different conditions, such as soil background reflectance, leads to 
different suitability levels of different MVIs dependent on the image conditions and pre-
processing corrections that are applied.  A sensitivity study conducted by Huete and Liu (1994) 
found that the NDVI and the ARVI were most affected by atmospheric conditions and that the 
SARVI was the least sensitive to atmospheric effects.  However, when atmospheric effects had 
been fully corrected during image pre-processing, MVIs such as the SARVI, which are designed 
to correct for atmospheric conditions, exacerbated soil background noise.  In these cases, they 
found that the SAVI and the MSAVI greatly reduced the influence of soil reflectance compared 
to the NDVI. 
 
A wide range of studies have demonstrated relationships between MVIs and biophysical 
measurements of vegetation (Myneni and Williams 1994, Myneni et al. 1995, Kuhnell et al. 
1998, Turner et al. 1999, Nagler et al. 2001, Wylie et al. 2002, Yang et al. 2006).  The utility of 
individual MVIs however is study specific.  LAI is a commonly used measure of vegetation and 
routinely derived from remotely sensed data.  However, the relationship between LAI and MVIs 
is not simple and is affected by vegetation species, plant structure, plant health and leaf 
orientation (Huete et al. 1994, Dickson et al. 1999, Turner et al. 1999, Huete et al. 2002).   
 
The choice of MVI used to derive biophysical measurements varies between studies.  For 
example, Huete (1988) found that the SAVI had a more linear relationship with LAI than NDVI 
and PVI, while Nagler et al (2001) found a stronger relationship between NDVI and LAI 
compared to SAVI and EVI, although all MVIs included in this study were strongly correlated 
with LAI.  Johansen and Phinn (2004) and Carreiras et al (2006) found a similar pattern using 
measures of percentage canopy cover.  One limitation when using MVIs to derive biophysical 
measurements such as LAI is the tendency for MVIs to reach a saturation level in areas of high 
LAI (dense vegetation) (Huete 1988, Dickson et al. 1999, Turner et al. 1999). 
 
In addition to deriving biophysical measurements of vegetation, MVIs have been used to identify 
vegetation stress and monitor crop health (Huete et al. 1994, Singh et al. 2003).  MVIs have 
also been used as a tool for stratifying the landscape, providing information on the variability of 
vegetative cover, and enhancing the discrimination of vegetation types using supplementary 
classification approaches (Mehner et al. 2004, Johansen et al. 2007).  The use of MVIs as an 
indicator of biomass can be a useful discriminatory tool when classifying vegetation types 
(Defries et al. 2000, Mehner et al. 2004, Gallo et al. 2005, Xie et al. 2008). 
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The variety of MVIs that have been published, the influence of sensor calibration, and the 
variability of results between studies emphasizes the importance of selecting MVIs that are 
appropriate for specific studies.  Often several MVIs are calculated, with correlations between 
the vegetation index and variable of interest used to assess the most appropriate one for a 
particular project (Johansen and Phinn 2004, RSI 2005, Carreiras et al. 2006, Jiang et al. 2006).  
A suitable vegetation index should be chosen depending on the parameter that is to be 
estimated, the range of the parameter, and information about external influences on spectral 
reflectance in the area (Broge and Leblanc 2000).  The use of MVIs for recovering specific 
vegetation condition attributes from remotely sensed imagery is discussed in the following 
sections. 
 
2.3 Retrieval of vegetation attributes from remotely sensed data 
 
This section reviews the retrieval of individual stand-level vegetation condition attributes from 
remotely sensed data.  A brief overview of stand-level vegetation condition attributes, including 
those used in vegetation condition assessment methodologies listed in Section 1.1 is presented 
in Section 2.3.1.  The retrieval of these stand-level vegetation attributes from remotely sensed 
data, using processing techniques and spectral characteristics reviewed in Section 2.2 is then 
discussed in the following sections.  This section presents a summary of the many approaches 
used to measure vegetation features, using a range of remote sensing technologies and image 
processing approaches, across a range of spatial scales. 
 
2.3.1 Stand-level vegetation condition attributes 
 
Vegetation condition can be considered in terms of suites of individual stand-level vegetation 
attributes which contribute to the ‘value’ or condition of a particular area (see Section 1.1).  
There are a wide range of stand-level attributes used to achieve this, depending on the focus of 
a particular study.  Noss (1990) identifies three primary attributes of biodiversity which can 
provide a basis for identifying measured stand-level vegetation attributes that contribute to the 
perceived condition of a particular stand of vegetation: structure, function, and composition.  
With these attributes, Noss (1990) constructed a hierarchical concept of biodiversity, which is 
widely used (Andreasen et al. 2001, Dale and Beyeler 2001, Oliver 2002, Gibbons and 
Freudenberger 2006).  These three primary attributes of vegetation are used throughout this 
thesis to structure a discussion of the retrieval of vegetation condition attributes from remotely 
sensed data. 
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Suites of vegetation attributes are often combined into metrics or indices of vegetation condition.  
These types of metrics are becoming increasingly important for NRM activities (see Section 
1.1).  There are a large number of published vegetation condition metrics including:  
− Habitat hectares (Parkes et al. 2003, DSE 2004),  
− BioMetric (Gibbons et al. 2005, Gibbons et al. 2009),  
− BioCondition (Eyre et al. 2006),  
− the stand structural complexity index (McElhinny 2005, McElhinny et al. 2006),  
− Habitat complexity score (Newsome and Catling 1979, Catling and Burt 1995, 
Freudenberger 1999),  
− TasCondition (Michaels 2006),  
− Rapid Appraisal of Riparian Condition (RARC) (Jansen et al. 2004), and  
− the Forest Health Monitoring Program (Alexander and Palmer 1999).   
 
The suites of vegetation attributes incorporated into these metrics vary, however some 
attributes such as canopy cover or stem density, and canopy species regeneration, are utilised 
by most methods.   
 
Structural vegetation attributes are used to characterise the vertical and horizontal structure of 
vegetation, and often represent the availability of different resources within a stand.  Vegetation 
structure is an important feature in terms of ecosystem productivity, landscape dynamics and 
biodiversity (Ludwig et al. 2002, Widlowski et al. 2004).  In terms of vegetation condition, 
structural vegetation attributes can provide information about habitat provision for different 
fauna, such as coarse woody debris and the diversity of vegetation life forms.  Vegetation cover 
and live tree stems are two very commonly used structural vegetation attributes, particularly as 
they can be readily assessed within a given area.  Vegetation cover has also been used in 
assessments of other vegetation features such as landscape function, nutrient cycling, 
photosynthetic productivity and carbon dioxide assimilation (Ludwig et al. 2000, Ludwig et al. 
2002, Widlowski et al. 2004). 
 
Structural elements of vegetation are often incorporated within vegetation assessment 
methodologies as they are easily quantifiable through ground surveys.  Vegetation structure, 
and the diversity of elements within a stand, is often associated with species diversity as it plays 
an influencing role in habitat and other resource provision (Fischer et al. 2004, Jansen et al. 
2004, McElhinny et al. 2005, Cawsey and Freudenberger 2008, Hnatiuk et al. 2008).  The 
simplification of vegetation structure, through the loss of element diversity, is seen as a major 
threatening process in terms of ecosystem function and fauna habitat provision (Noss 1990).  A 
summary of structural vegetation attributes used to characterise vegetation and vegetation 
condition at a stand scale is presented in Table 2.2.   
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Table 2.2.  A summary of structural stand-based vegetation attributes used as surrogate 
measures of vegetation condition 
 
Stand-based vegetation attribute Selected references 
Vegetation cover 
The cover of vegetation across an area can 
be characterised in terms of plant lifeform 
cover, cover within height classes, the 
number of different plant strata or total 
vegetative cover.  Vegetation cover 
provides important information in terms of 
habitat provision and plant growth. 
Noss (1990); Lindenmayer et al (1999); Noss 
(1999); Eyre et al (2002); ESCAVI (2003); 
Oliver and Parkes (2003); Parkes et al (2003); 
Fischer et al (2004); Jansen (2004); Keith 
(2004); Gibbons et al (2005); Lindenmayer et 
al (2005); Ruiz-Jaen and Aide (2005); Eyre et 
al (2006); McElhinny et al (2006); Metcalfe 
(2006); Oliver et al (2007) 
Exotic species cover 
The cover of exotic or introduced plant 
species can be characterised in terms of 
plant lifeform, total cover or cover of 
specific species. 
Noss (1990); Oliver (2002); ESCAVI (2003); 
Oliver and Parkes (2003); Parkes et al (2003); 
Gibbons et al (2005); Lindenmayer et al 
(2005); Eyre et al (2006); Oliver et al (2007);  
Other land cover 
In addition to vegetation cover, cover of 
bare ground, organic litter, or exposed rock 
can also provide important structural 
information in terms of faunal habitat and 
disturbance across a site. 
Lindenmayer et al (1999); Eyre et al (2002); 
Oliver (2002); ESCAVI (2003); Oliver and 
Parkes (2003); Parkes et al (2003); Fischer et 
al (2004); Jansen (2004); Ruiz-Jaen and Aide 
(2005); Eyre et al (2006); McElhinny et al 
(2006); Oliver et al (2007) 
Logs 
Similar to organic litter, logs comprise a 
component of coarse woody debris 
elements and provide an important source 
of habitat for many fauna species.  Logs 
can be characterised in terms of total 
length, volume, size and decay state. 
Noss (1990); Lindenmayer et al (1999); Noss 
(1999); Eyre et al (2002); Oliver (2002); 
ESCAVI (2003); Oliver and Parkes (2003); 
Parkes et al (2003); Fischer et al (2004); 
Jansen (2004); Gibbons et al (2005); Eyre et 
al (2006); McElhinny et al (2006); Oliver et al 
(2007) 
Live tree stems 
Tree stems can provide important 
structural information in terms of tree 
density, height, basal area, size distribution 
measured in terms of DBH, and the spatial 
arrangement of trees within a site.  Trees 
are an important source of food and habitat 
resources for many species and are also 
used to characterise the vegetation type 
within an area. 
Lindenmayer et al (1999); Noss (1999); 
Zenner and Hibbs (2000); Neumann and 
Starlinger (2001); Eyre et al (2002); Oliver 
(2002); Seddon et al (2002); ESCAVI (2003); 
Oliver and Parkes (2003); Parkes et al (2003); 
Gibbons et al (2005); Ruiz-Jaen and Aide 
(2005); Eyre et al (2006); McElhinny et al 
(2006) 
Dead tree stems 
Dead tree stems can provide information in 
a similar manner to live tree stems.  
Additionally these attributes provide further 
habitat resources for numerous faunal 
species. 
Eyre et al (2002); Oliver (2002); Jansen 
(2004); McElhinny et al (2006); Oliver et al 
(2007) 
Cut stumps 
In addition to providing faunal habitat, cut 
stumps can also provide an indication of 
disturbance or modification at a site. 
Eyre et al (2002); Parkes et al (2003); 
McElhinny et al (2006) 
Tree hollows 
Tree hollows are a critical habitat 
component in many ecosystems and can 
be characterised in terms of total number 
of hollows, number of trees with hollows or 
tree hollow size. 
Lindenmayer et al (1999); Eyre et al (2002); 
Gibbons and Lindenmayer (2002); Oliver 
(2002); Oliver and Parkes (2003); Gibbons et 
al (2005); McElhinny et al (2006); Oliver et al 
(2007) 
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Measures of vegetation cover are used extensively to assess vegetation at both local and 
regional spatial scales.  Vegetation cover can be categorised as canopy cover or understorey 
cover, and considered in terms of plant lifeform categories or within different height classes.  
Vegetation present beneath the canopy is considered to be understorey vegetation, and may 
include shrubs, grasses, forbs and juvenile canopy plants.  Vegetation cover influences the 
health and function of vegetation, including provision of organic matter, creation of vegetation 
connectivity across the landscape, provision of habitat and other resources for fauna, and 
erosion mitigation (Jansen et al. 2004, Metcalfe 2006).   
 
Understorey vegetation is an important resource for many fauna and provides food sources, 
nesting habitat, shelter from weather, and protection from predators (Lindenmayer et al. 2005).  
Understorey vegetation can also be extensively influenced by disturbance such as fire and 
grazing (McIntyre et al. 1995, Parkes et al. 2003, Lindenmayer et al. 2005).  As such, measures 
of vegetation cover are considered an important surrogate measure of vegetation condition and 
are incorporated in the vegetation condition metrics listed above. 
 
Other structural attributes of vegetation are also considered important in terms of biodiversity 
conservation.  Measures of stem density, including those of diameter at breast height (DBH) 
distribution, provide indicative information on vegetation succession stage and growth patterns 
within a stand.  Specific DBH classes (such as large trees) are associated with other attributes, 
such as tree hollows (Gibbons and Lindenmayer 2002, Oliver 2002, Parkes et al. 2003, Eyre et 
al. 2006).   
 
Coarse woody debris elements are seen as important structural components of vegetation as 
they: 
− provide habitat for ground-dwelling fauna,  
− can trap nutrients and sediments,  
− can act as an indicator of fire disturbance,  
− can influence soil properties, and  
− can become an important influence on the successful regeneration of plant species (Oliver 
and Parkes 2003, Parkes et al. 2003, Fischer et al. 2004, Jansen et al. 2004, Lindenmayer 
et al. 2005, Eyre et al. 2006, McElhinny et al. 2006).   
 
Other elements such as cut stumps, dead trees and tree hollows are also included in a number 
of vegetation condition metrics.  Tree hollows and hollow-bearing trees are considered key 
habitat features for many fauna, as many fauna are reliant on these features for nesting and 
breeding resources (Gibbons and Lindenmayer 2002).  Cut stumps can not only provide habitat 
for fauna through cracks and fissures in the stump (Oliver and Parkes 2003), they can also 
provide an indication of historical disturbance and vegetation clearing.  Dead standing trees play 
an important ecological role, providing habitat, roosting areas and nest sites (Lindenmayer et al. 
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2005).  As there is a wide diversity of structural vegetation elements, and many of them are 
easily quantifiable, structural vegetation attributes are extensively used in vegetation condition 
assessment metrics.  
 
While the vegetation attributes listed in Table 2.2 are considered to represent vegetation 
structure here, vegetation attributes are often interdependent (McElhinny et al. 2005).  For 
example, vegetation structure, and the diversity of structural elements present within a stand of 
vegetation, is often associated with species diversity through the provision of habitat and other 
resources (Fischer et al. 2004, Jansen et al. 2004, McElhinny et al. 2005, Cawsey and 
Freudenberger 2008, Hnatiuk et al. 2008).  Measures of vegetation structure, such as tree cover 
or live stems can also be associated with measures of vegetation function such as tree dieback 
or health and regeneration. 
 
The composition of native vegetation characterises the variety of flora species and other 
components within a vegetation stand.  A summary of compositional vegetation attributes used 
to characterise vegetation condition is given in Table 2.3.   
 
Table 2.3.  A summary of compositional stand-based vegetation attributes used as surrogate 
measures of vegetation condition 
 
Stand-based vegetation attribute Selected references 
Native species richness or composition 
Native species richness is a commonly 
used compositional vegetation attribute 
and can include counts of different species 
or full floristic surveys across an area. 
Noss (1990); Lindenmayer et al (1999); 
Jenkins et al (2000); Neumann and Starlinger 
(2001); Oliver (2002); Seddon et al (2002); 
Oliver and Parkes (2003); Parkes et al (2003); 
Gibbons et al (2005); Eyre et al (2006); 
McElhinny et al (2006); Oliver et al (2007)  
Exotic species richness or composition 
Exotic species richness or the presence of 
specific introduced species is considered 
important in terms of competition for 
resources with native species and 
influences vegetation function within an 
area.  
Noss (1990); Lindenmayer et al (1999); 
Jenkins et al (2000); Parkes et al (2003) 
Rare or threatened species 
The presence of rare or threatened plant 
species is also used as an indicator of 
vegetation significance. 
Noss (1990); Oliver (2002); Oliver et al (2007) 
 
 
Species composition is an important attribute for distinguishing between different vegetation 
types and assessing ecological condition (Gould 2000, Keith 2004, Rocchini 2007, Hnatiuk et al. 
2008), while the relative abundance of species can also provide information about vegetation 
succession states and disturbance at a site.  Disturbance across a site may also be related to 
the presence and relative abundance of exotic or introduced plant species, which is an 
important surrogate of vegetation condition (Jenkins et al. 2000, Oliver 2002, Coulter and Stow 
2009).  In addition to species richness, other attributes, such as the presence of rare or 
threatened species, and the presence of vegetation components or species that provide a 
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specific function (such as a specific food source), can provide useful measures of vegetation 
composition (Noss 1990, Oliver 2002, Oliver et al. 2007). 
 
Vegetation function, and the ecological processes associated with vegetation can be 
represented in a number of ways, as summarised in Table 2.4.  Plant regeneration is an 
important indicator of vegetation health, function and sustainability (Parkes et al. 2003, Eyre et 
al. 2006, Oliver et al. 2007).  Regeneration, or recruitment, indicates that other processes such 
as flowering, pollination, and germination, are operating within a vegetation stand, and can be 
used to indicate a system’s resilience to disturbance (Eyre et al. 2006, Oliver et al. 2007).  This 
is an important consideration in terms of vegetation condition.  Another important attribute in 
terms of vegetation condition is tree dieback or canopy health, which can indicate senescence 
or the presence of land degradation processes such as salinity (Briggs and Taws 2003).  Tree 
dieback may also indicate a reduced capacity for regeneration or reduced provision of other 
resources such as food and shelter, which are important for fauna species (Jenkins et al. 2000, 
Parkes et al. 2003).   
 
Table 2.4.  A summary of functional stand-based vegetation attributes used as surrogate 
measures of vegetation condition 
 
Stand-based vegetation attribute Selected references 
Regeneration 
Plant species regeneration within a stand is 
an important indicator of vegetation function 
in terms of vegetation viability and 
persistence. 
Jenkins et al (2000); Oliver (2002); ESCAVI 
(2003); Oliver and Parkes (2003); Parkes et 
al (2003); Jansen et al (2004); Gibbons et al 
(2005); Lindenmayer et al (2005); Ruiz-Jaen 
and Aide (2005); Eyre et al (2006); 
McElhinny et al (2006); Oliver et al (2007) 
Tree dieback 
Tree dieback or canopy health can be a 
useful indicator of vegetation stress or health.  
It can be measured using a categorical 
approach or in terms of canopy cover. 
Lindenmayer et al (1999); Jenkins et al 
(2000); Oliver (2002); Seddon et al (2002); 
Briggs and Taws (2003); Parkes et al (2003) 
Resilience 
The concept of resilience is used as a 
measure of a system’s ability to cope with 
change.  System resilience can be inferred 
through vegetation growth flux following 
rainfall events, and the relationship of this 
observed growth with disturbance such as 
stock grazing. 
Pickup et al (1994); Bastin and Ludwig 
(2006)  
Landscape function 
The concept of landscape function is used to 
assess a system’s ability to retain resources 
such as water, soil and nutrients.  It is 
typically analysed via the distribution and 
amount of vegetation cover within a 
landscape. 
Tongway and Ludwig (1997); Bastin et al 
(2002); Ludwig et al (2004); Bastin and 
Ludwig (2006) 
 
 
 
Two concepts used to represent vegetation function are resilience and landscape function.  
These attributes assess a system’s ability to cope with changes and retain resources such as 
soil and nutrients.  Methods to assess these attributes are based on vegetation cover, and the 
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distribution of cover within a landscape (Ludwig et al. 2000, Bastin et al. 2002, Ludwig et al. 
2002, Bastin and Ludwig 2006).  Vegetation cover can also be considered with reference to 
other features such as distance from stock watering points (Pickup et al. 1994, Bastin and 
Ludwig 2006).  Changes in landscape function are likely to impact other vegetation attributes 
such as vegetation cover and species composition, and overall habitat resource availability 
(Ludwig et al. 2002, Ludwig et al. 2004).  Measures of disturbance, such as land use and stock 
grazing, have also been used to infer changes in vegetation condition, or linked with changes in 
other vegetation attributes such as cover (Eyre et al. 2002, Drielsma and Ferrier 2006, Coulter 
and Stow 2009).   
 
There are diverse methods used to measure the vegetation attributes discussed above within a 
stand of vegetation.  Examples of comprehensive approaches for assessing individual 
vegetation attributes can be found in Walker and Hopkins (1990), Kent and Coker (2001), 
Gibbons et al (2005), and Hnatiuk et al (2008), amongst others.  The methodologies used to 
measure individual stand-level vegetation attributes for this work are outlined in Section 6.3.3.  
In addition to stand-based assessments of vegetation, there is increasing interest in the 
assessment of vegetation across landscapes.  Satellite remotely sensed data provide an 
efficient method to measure stands of vegetation over large areas (Coops and Culvenor 2000, 
Zawadzki et al. 2005).  As such, a range of methodologies for measuring individual vegetation 
attributes using these technologies have emerged, which are reviewed below. 
 
2.3.2 Remote sensing of structural vegetation attributes 
 
Structural vegetation attributes, such as vegetative cover and stem density, are routinely 
estimated using a number of remotely sensed data sources.  Perhaps the vegetation attribute 
most widely derived from remotely sensed data is vegetation cover.  There are a large number 
of methods that can be used to measure vegetation cover including per cent canopy cover, LAI, 
fPAR, and crown cover.  The amount of photosythetically active material within a given area 
directly influences the spectral reflectance recorded by the sensor (see Section 2.2.1), hence 
the widespread utility of remotely sensed data in vegetation cover assessments.  The 
development of vegetation indices (see Section 2.2.3) has also been governed largely by the 
influence of vegetation cover on the spectral reflectance recorded by remote sensing platforms.   
 
Vegetation cover is measured from remotely sensed data using a number of different 
approaches.  These include:  
− woody and non-woody vegetation cover (Gardiner et al. 1998, Wallace and Campbell 
1998, Gibbons and Boak 2000, 2002, Radford 2005), 
− foliage projective cover (Witte et al. 2000, Weller et al. 2001, Golevitch et al. 2002, 
Armston et al. 2004, Lucas et al. 2006, Lee and Lucas 2007), 
− biophysical estimates of cover such as LAI and fPAR (Huete 1988, Baret and Guyot 1991, 
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Dickson et al. 1999, North 2002, Wylie et al. 2002, Jiang et al. 2005), and 
− percentage canopy cover (North 2002, Johansen and Phinn 2004, Carreiras et al. 2006, 
Lee and Lucas 2007, Liu et al. 2007, Estes et al. 2008). 
 
Measures such as LAI (ratio of leaf to ground area), Net Primary Production (NPP), and fPAR 
provide biophysical measurements of vegetation which can be related to spectral reflectance 
recorded by remote sensing systems through established algorithms (Morisette et al. 1998, 
Campbell et al. 1999, Gower et al. 1999, Milne and Cohen 1999, Turner et al. 1999, Broge and 
Leblanc 2000, Nagler et al. 2001, Wylie et al. 2002, Chen et al. 2003). 
 
The measurement of specific aspects of vegetation cover from remotely sensed data is affected 
by the characteristics of the vegetation and of the sensor.  For example, the ability to distinguish 
between native and exotic plant species cover is dependent largely on the spectral differences 
between different species (see Section 2.3.3).  Remotely sensed data is also limited in its ability 
to separate spectral signatures from different vegetation components within the landscape.  For 
example, while ecological assessments of vegetation cover often distinguish between cover in 
different vegetation strata (see Section 2.3.1), the spectral reflectance recorded by a sensor 
incorporates reflectance from all material within a given area, not necessarily distinguishing 
between canopy and understorey cover components.  In areas of dense tree canopy cover, the 
understorey vegetation does not contribute to the spectral information recorded by the sensor.  
These factors can limit the degree of compatibility between ecological and remotely sensed 
based assessments of vegetation attributes. 
 
Assessments of vegetation cover using remotely sensed data are made across a wide range of 
spatial scales.  These can include global estimates of vegetation cover, which provide coarse 
indications of changes at a broad scale (Morisette et al. 1998, Defries et al. 2000, Huete et al. 
2002, Campbell 2007), regional or local assessments, which provide information across specific 
landscapes (Witte et al. 2000, Nagler et al. 2001, Johansen and Phinn 2004, Lucas et al. 2006, 
Estes et al. 2008), or assessments of cover within very small areas, such as individual trees 
(Leckie et al. 2003).  In addition to the assessment of vegetation cover, patterns of vegetation 
cover have then been used to derive a range of other information, such as landscape context 
information about the spatial arrangement of vegetation across a landscape and landscape 
function analysis, which relates resource retention within a landscape to the cover and spatial 
arrangement of vegetation (Ludwig et al. 2000, Ludwig et al. 2002). 
 
A number of remotely sensed data sources have been used to assess vegetation cover at a 
range of spatial scales.  These include multi-spectral sensors with a coarse (Defries et al. 2000, 
Huete et al. 2002), moderate (Nagler et al. 2001, Carreiras et al. 2006, Estes et al. 2008), and 
high spatial resolution (Johansen and Phinn 2004), hyper-spectral sensors (Lassau et al. 2005, 
Liu et al. 2007), and other sensors such as airborne laser and LiDAR platforms (Witte et al. 
2000, Lee and Lucas 2007).  Different sensors have a range of different capabilities and record 
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information in a different manner.  Some sensors, such as satellite multi-spectral sensors, 
record spectral reflectance information from a surface.  Other sensors, such as a LiDAR system, 
have the ability to record information about features below the canopy.  Therefore, different 
sensors can provide diverse information relating to a single vegetation attribute.  The use of a 
particular type of sensor is determined, in part, by the requirements of a specific project.   
 
MVIs are routinely used to provide information on vegetation cover characteristics.  The NDVI is 
a widely used vegetation index to derive estimates of vegetation cover (Morisette et al. 1998, 
Defries et al. 2000, Nagler et al. 2001, Golevitch et al. 2002, North 2002, Johansen and Phinn 
2004, Jiang et al. 2005, Carreiras et al. 2006, Liu et al. 2007).  Other vegetation indices that 
have been found to provide good estimates of canopy cover include the EVI (Nagler et al. 2001, 
Johansen and Phinn 2004), the ARVI (Carreiras et al. 2006), the MSAVI (Liu et al. 2007) and 
the SAVI (Nagler et al. 2001).   
 
The most appropriate vegetation index will vary between geographic regions, so a number of 
different vegetation indices are often calculated, and the most appropriate for a specific study is 
determined from correlations between the index and variable of interest (Broge and Leblanc 
2000, RSI 2005).  However, the relationship between vegetation cover and some vegetation 
indices becomes saturated at higher levels of cover, limiting their use in some landscapes 
(Turner et al. 1999).  This limitation has been the subject of a large amount of research, as 
detailed in Section 2.2.3.  Teillet et al (1997) found that the relationship between vegetation 
cover and vegetation index was influenced by the spatial and spectral resolution of the sensor, 
and that these effects differed between land cover type. 
 
In addition to spectral reflectance information, ancillary information and image texture are also 
used to improve estimations of canopy cover from remotely sensed imagery.  Soil indices and 
climate ancillary data, such as vapour pressure deficit, have been used effectively to develop 
canopy cover estimations when used with spectral reflectance data and vegetation indices 
(Golevitch et al. 2002, Armston et al. 2004).   
 
Image texture has been used to provide better separation between canopy cover level 
estimates (Huang et al. 2001, Colombo et al. 2003, Johansen and Phinn 2004, 2006), in 
addition to providing information about image objects in its own right.  Image information derived 
from a GLCM has been found to improve estimates of canopy cover when used in conjunction 
with vegetation indices (Huang et al. 2001, Johansen and Phinn 2004, 2006), while other 
textural information such as standard deviation and mean reflectance have also been used 
(Huang et al. 2001, Armston et al. 2004).  Coops and Culvenor (2000) found that canopy cover 
was related to a modified texture measure based on mean standard deviation within a given 
pixel window.  Semivariogram features, such as range, have also been used to derive 
information about crown closure from remotely sensed data (Dickson et al. 1999, Zawadzki et 
al. 2005).   
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The approaches summarised above are used to provide information about cover, and changes 
in cover, over a period of time.  They can also be further manipulated to derive landscape 
structure information which can be used to assess levels of fragmentation across a landscape 
(Wallace and Campbell 1998, Gibbons and Boak 2002, Radford 2005).  Remotely sensed 
assessments of vegetation cover have been related to indices of habitat complexity (Coops and 
Catling 1997, Lassau et al. 2005).  Assessment of other land surface covers, such as bare 
ground, are also derived from remotely sensed data (Wallace and Campbell 1998), but can be 
confounded by overhanging vegetation.   
 
In addition to static assessments of vegetation cover, remotely sensed data are also used to 
provide repeated measures of cover over time.  Multi-temporal profiles of vegetation cover can 
also be used to monitor vegetation changes, either across specific time intervals or in response 
to environmental factors such as drought and precipitation (Pickup et al. 1994, Gardiner et al. 
1998, Gower et al. 1999, Milne and Cohen 1999, Huete et al. 2002, Yang et al. 2006).   
 
Another structural vegetation attribute frequently derived from remotely sensed data is stem 
density.  Several studies have used estimates of canopy cover to develop multiple regression 
equations for predicting basal area and stand volume in a given landscape (ERSG 2003, 
Armston et al. 2004, Campbell 2007).  These studies use previously developed methods of 
predicting canopy cover from multi-spectral imagery to derive a secondary variable without 
further manipulation of the remotely sensed data.  Other studies estimate vegetation stand 
structural information from the remotely sensed data itself.   
 
There are a range of attributes used to represent measures of stem density derived from 
remotely sensed data including: 
− vegetation height (Wallace and Campbell 1998, Lefsky et al. 1999, Hyyppä et al. 2000, 
Witte et al. 2000, Leckie et al. 2003, Holmgren and Persson 2004, Kayitakire et al. 2006, 
Lee and Lucas 2007), 
− stem density (Dickson et al. 1999, Merino de Miguel 2000, Kayitakire et al. 2006, 
McRoberts and Tomppo 2007, Wallerman and Holmgren 2007, Estes et al. 2008),  
− stand age (Zhang et al. 2004, Kayitakire et al. 2006, Johansen et al. 2007),  
− basal area (Lefsky et al. 1999, Means et al. 1999, Hyyppä et al. 2000, Merino de Miguel 
2000, Ruiz et al. 2005, Meng et al. 2009), and 
− stem DBH distribution (Lefsky et al. 1999, Ruiz et al. 2005, Kayitakire et al. 2006). 
 
The type of stem density attribute that is retrieved from remotely sensed data, and the accuracy 
with which it is predicted, is highly dependent on the type of remotely sensing platform that is 
used.  For example, measures of tree height are derived from LiDAR, radar and laser sensors, 
which are then further analysed to provide elevation data within a vegetation stand (Witte et al. 
2000, Leckie et al. 2003, Holmgren and Persson 2004, Widlowski et al. 2004).  These sources 
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of information can be used to complement measures derived from multi-spectral imagery, 
providing information from fine spatial scales to augment information derived at broader spatial 
scales (Means et al. 1999, Weller et al. 2001).  Other measures such as stem density and stand 
age are retrieved from multi-spectral and hyper-spectral sensors, with varying spatial resolution 
(Hyyppä et al. 2000, Ruiz et al. 2005, Kayitakire et al. 2006, Johansen et al. 2007, Estes et al. 
2008). 
 
There are a number of different approaches used to estimate stem density variables from 
remotely sensed data.  Spectral reflectance and vegetation indices, such as the NDVI and the 
EVI, have been related to stem density measures such as stand age, stem density, and DBH 
class distribution (Olson 1994, Hyyppä et al. 2000, Mäkelä and Pekkarinen 2004, Zhang et al. 
2004, Johansen et al. 2007, LeMay et al. 2008, Meng et al. 2009).  The spectral reflectance 
characteristics of a stand of trees has been shown to alter as the age of trees and density of 
stems changes (Olson 1994) due to changes in biomass and photosynthetic material within the 
vegetation stand.  In addition to deriving area-based measurements of stem density, counts of 
individual trees derived from remotely sensed data are also used to approximate measures of 
stem density and volume (Dickson et al. 1999, Coops and Culvenor 2000, Hyyppä and Hyyppä 
2001, Greenberg et al. 2009).   
 
While stand structural information can be related to spectral reflectance data and vegetation 
indices, image texture is a commonly employed technique used to derive these types of 
vegetation attributes.  Several studies have related measures, such as stem density and stand 
age, to image texture (Merino de Miguel 2000, Treitz and Howarth 2000, Song and Woodcock 
2002, Kayitakire et al. 2006), while others have used image texture in addition to spectral 
measures to improve the relationship between remotely sensed data and stand-level vegetation 
attributes (Colombo et al. 2003, Johansen et al. 2007, Wallerman and Holmgren 2007).   
 
When deriving measures of stem density, it is possible in some instances, to differentiate 
between live and dead tree stems.  Aerial photography has been used to determine areas of 
dead trees based on pattern recognition, and differences of tree canopy cover between live and 
dead stems (Haara and Nevalainen 2002, Nagler et al. 2005).  Dead trees can provide 
important habitat features and also contribute to elements of coarse woody debris (see Section 
2.3.1).   
 
Another important habitat feature that is not regularly derived from remotely sensed data is the 
presence of tree hollows.  The presence of tree hollows within a tree cannot be directly retrieved 
from remotely sensed data due to the nature of the vegetation attribute.  The probability of tree 
hollow occurrence can, in some instances, be linked to other vegetation features such as tree 
age, crown diameter or DBH (Gibbons and Lindenmayer 2002, Parkes et al. 2003), which can 
be derived from remotely sensed data.  However, these relationships are not well established 
and are specific to individual tree species (Gibbons and Lindenmayer 2002).   
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Coarse woody debris, such as fallen logs and organic litter cover, are important habitat 
components and are often considered in vegetation assessment methodologies (see Section 
2.3.1).  Often the assessment of coarse woody debris components from remotely sensed data is 
undertaken in relation to vegetation management scenarios such as fire management and fire 
fuel load mapping (Brandis and Jacobson 2003, Arroyo et al. 2008), and silviculture (Anderson 
et al. 2000).  However, the assessment of coarse woody debris structural vegetation features 
using remotely sensed data is not as well established as the assessment of other structural 
vegetation features such as cover and stem density.   
 
Sensors such as multi-spectral sensors (Brandis and Jacobson 2003, Arroyo et al. 2008), 
hyper-spectral sensors (Lassau et al. 2005), and radar sensors (Austin et al. 2003), have been 
used to assess coarse woody debris with varying levels of accuracy.  A limitation of multi-
spectral sensors, such as Landsat TM and Ikonos, is their inability to record information relating 
to features below the canopy, which is where most coarse woody debris components are 
located.  By comparison, aerial photography interpretation is a widely used tool as it is 
considered highly accurate (Arroyo et al. 2008).  Coarse woody debris components can also be 
predicted using other remotely sensed derived biophysical measurements such as canopy 
cover and biomass (Anderson et al. 2000, Brandis and Jacobson 2003), although these 
relationships are of little utility for assessing impacts of management unless coupled with other 
data.  Additionally, airborne laser scanner data has also been used to predict the volume of 
fallen wood.  Measurements from an airborne laser scanner were shown to be more accurate 
than those derived from surrogate biophysical measurements such as biomass (Pesonen et al. 
2008).   
 
The ability of remotely sensed data to provide measures of structural vegetation components 
depends on a range of factors including the sensor, the type of information recorded by the 
sensor, the vegetation attribute being investigated, and the characteristics of the landscape 
being investigated.  This variability is reflected in the range of approaches taken in various 
studies.   
 
Multi-spectral sensors are extensively used to provide measures of vegetation cover at a range 
of spatial scales.  Most vegetation cover measures derived from multi-spectral sensors are 
based on canopy cover estimates as vegetation canopies often dominate the spectral 
reflectance recorded by a sensor.  Measures of understorey cover can be confounded by 
overhanging vegetation, and are therefore highly dependent on the nature of the vegetation.  
Measures of stem density are routinely derived from multi-spectral remotely sensed data, 
although other sensors such as LiDAR can provide estimates of greater accuracy.   
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The spatial resolution of the imagery is an important influence on estimates of structural 
vegetation attributes from multi-spectral imagery.  Structural attributes such as coarse woody 
debris and tree hollows are not regularly measured using multi-spectral imagery, as the utility of 
these platforms is restricted in terms of spatial and spectral resolution.  Other types of remote 
sensing platforms, such as LiDAR, aerial photography, and radar, have been used to recover 
coarse woody debris attributes with greater accuracy than multi-spectral imagery (Austin et al. 
2003, Arroyo et al. 2008, Pesonen et al. 2008). 
 
2.3.3 Remote sensing of compositional vegetation attributes 
 
The composition of native vegetation characterises the variety of species in an area, and can be 
measured in terms of vegetation community, species richness and the prevalence of introduced 
or native species.  A large number of image processing techniques, across a variety of spatial 
scales, are used to derive maps of vegetation from remotely sensed data.  These can range in 
detail from individual species mapping to vegetation community and habitat type mapping 
(Nagendra and Gadgil 1999, Paterson et al. 2001, Weller et al. 2001, Mehner et al. 2004).   
 
At a global scale, the NDVI is used to generate broad-scale vegetation maps to provide 
information on the range and change of vegetative biomass across the continents or at a 
regional scale (Gallo et al. 2005).  This information can be used to separate natural vegetation 
from agricultural or urban land.  Land cover classes, and changes to these, can be used as a 
surrogate measure to represent vegetation species composition at a very broad level 
(Narumalani et al. 2004).  However, the variability of the NDVI responses in different vegetation 
types can create consistency issues at this scale (Gallo et al. 2005). 
 
There are a large number of examples of vegetation community mapping derived from remotely 
sensed data, focusing on a range of geographical regions and vegetation types.  The level of 
discrimination achieved between vegetation communities using remotely sensed data is 
affected by the species mix at a site, which may vary within vegetation community types as well 
as between them, and other environmental factors, such as soil type and topology, which also 
influence the spectral response recorded by the sensor (Armitage et al. 2000).  This variability 
can lead to discrepancies in the observed relationship between vegetation community and 
spectral reflectance across regions.  Many different sources of remotely sensed data are used 
to derive vegetation community information including high spatial resolution multi-spectral 
imagery such as Ikonos (Mehner et al. 2004), hyper-spectral imagery (Paterson et al. 2001, 
Lucas et al. 2008), and moderate spatial resolution multi-spectral satellite imagery, such as 
Landsat TM (Nagendra and Gadgil 1999, Gould 2000, Levin et al. 2007). 
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A suite of different image processing techniques have been used to derive vegetation type 
information from remotely sensed data.  Supervised classification of vegetation types, using pre-
determined vegetation classes from known locations within the imagery is a commonly used 
approach (Teillet et al. 1997, Fuller et al. 1998, Nagendra and Gadgil 1999, Gould 2000, 
Mehner et al. 2004).  This approach provides higher levels of accuracy in homogenous areas of 
vegetation (Teillet et al. 1997).  Several studies have found that the use of supervised 
classification produced more accurate and reliable results than unsupervised classification, 
which groups areas of similar reflectance properties without prior knowledge of vegetation types 
(Nagendra and Gadgil 1999, Mehner et al. 2004).   
 
Other studies have used correlations between floristic data and spectral reflectance, or the 
spectral separability of known vegetation types, to identify vegetation communities from 
remotely sensed data (Armitage et al. 2000, Gould 2000, Paterson et al. 2001, Weller et al. 
2001, Nusser and Klaas 2003, Bock et al. 2005).  The use of hyper-spectral sensors such as 
the Compact Airborne Spectrographic Imager (CASI II) provides acceptable discrimination 
between different vegetation communities and dominant vegetation species within vegetation 
stands (Paterson et al. 2001, Lucas et al. 2008).  Spectral reflectance and vegetation indices 
such as NDVI have also been related to plant species richness in some environments (Carter et 
al. 2005, Levin et al. 2007, Lucas et al. 2008).  Texture measures have also been utilised to 
identify vegetation types or species richness from remotely sensed data (Dickson et al. 1999, 
Bock et al. 2005, Rocchini 2007).   
 
Individual tree species can be detected using some sources of remotely sensed data.  Methods 
to identify individual tree species commonly use high spatial resolution remotely sensed 
imagery, as coarser spatial resolution imagery will incorporate spectral reflectance information 
from several different species within one pixel, confounding attempts to separate them.  
Previous studies have used high resolution digital videography (Weller et al. 2001), CASI II 
imagery (Paterson et al. 2001, Bunting and Lucas 2006), airborne laser data (Holmgren and 
Persson 2004), digital photography (Meyer et al. 1996), and high-resolution satellite data such 
as Ikonos imagery (Leckie et al. 2003, Johansen and Phinn 2004).  High spatial and spectral 
resolution remotely sensed data enabled good discrimination between individual tree species 
(Paterson et al. 2001, Goodwin et al. 2005, Bunting and Lucas 2006, Lucas et al. 2008). 
 
In some cases, a direct relationship between individual species and spectral reflectance is 
difficult to define (Armitage et al. 2000).  In addition to spectral information, the use of image 
texture and variations of shape, particularly between different tree species, have been used to 
aid the discrimination of different species from remotely sensed imagery (Meyer et al. 1996, 
Dickson et al. 1999, Holmgren and Persson 2004).  Alternatively, species composition can be 
characterised using specific species traits, such as deciduous or evergreen species (Holmgren 
and Persson 2004), or grouping species to genus level (Johansen and Phinn 2004, Goodwin et 
al. 2005, Bunting and Lucas 2006). 
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There are many different factors that influence the retrieval of vegetation composition features 
from remotely sensed data.  The ability to identify individual vegetation species is influenced by 
not only the spectral distinctness of the vegetation, but the spatial resolution of the remotely 
sensed data, as a coarse spatial resolution will introduce a greater variability in species within a 
given area and affect the spectral signature derived from remotely sensed data.  While multi-
spectral satellite imagery, such as Landsat TM and MODIS, can provide a broad distinction 
between vegetation communities (Fuller et al. 1998, Nagendra and Gadgil 1999, Gould 2000), 
high spatial and spectral remotely sensed data such as CASI II is used to provide a fine-scale 
distinction between individual species (Paterson et al. 2001, Bunting and Lucas 2006).  As 
individual plant species are comparatively small, the use of high resolution imagery, aerial 
photography, or digital videography, may provide more appropriate information for detecting 
plant species unless the vegetation occurs in large homogenous tracts. 
 
The ability to discriminate individual vegetation communities or species is highly dependent on a 
number of factors including the spectral characteristics of the vegetation, vegetation density, 
vegetation strata, image acquisition date, and the sensor’s spectral and spatial characteristics 
(Wallace and Campbell 1998, Nagendra 2001, Wilson et al. 2004).  These factors can limit the 
utility of multi-spectral remotely sensed data in terms of retrieving compositional vegetation 
attributes and therefore the effectiveness of multi-spectral sensors for the assessment of these 
vegetation attributes is highly study specific.  In some studies, multi-temporal imagery has been 
used to enhance the discrimination of vegetation type or individual species based on 
characteristics of the vegetation’s phenology (see Section 2.2.1) (Davidson and Csillag 2001, 
Townsend and Walsh 2001, Levin et al. 2007).  Multi-temporal remotely sensed data can be 
used to identify changes in perennial and annual vegetation species, and can indicate areas of 
exotic species invasion where the phenology of the vegetation differs between exotic and native 
species (Wilson et al. 2004, Wallace et al. 2006, Lawes and Wallace 2008).   
 
2.3.4 Remote sensing of functional vegetation attributes 
 
The function of native vegetation can be assessed in a number of different ways including tree 
dieback (or tree health), species regeneration, or by assessing the degree of disturbance in an 
area (see Section 2.3.1).  The functional integrity of vegetation, in terms of the comparative 
distribution of soil and vegetation within an area and the processes that maintain patterns within 
the matrix, is also used to assess vegetation function (Ludwig et al. 2004, Bastin and Ludwig 
2006).  These patterns of vegetation distribution can be measured and monitored using 
remotely sensed data such as Landsat TM, by measuring vegetation cover (see Section 2.3.2) 
(Ludwig et al. 2004). 
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Species regeneration is an important function attribute and has been assessed via remotely 
sensed data using a variety of approaches.  The height of trees can be used as a surrogate 
measurement of regeneration and has been derived from a number of different sources of 
remotely sensed data including using high-resolution digital videography (Weller et al. 2001), 
airborne laser data (Holmgren and Persson 2004), LiDAR data (Lefsky et al. 1999, Means et al. 
1999, Leckie et al. 2003) and multi-spectral remotely sensed data (Leckie et al. 2003, Ruiz et al. 
2005, Kayitakire et al. 2006).  In addition to spectral reflectance measures, image texture 
derived from a GLCM has been correlated with ground measurements of tree canopy height 
using Ikonos multi-spectral imagery (Kayitakire et al. 2006).  However, as the spectral 
reflectance characteristics of tree stands alter as the age of trees and density of stems changes 
(see Section 2.2.1) (Olson 1994, McCloy 2006), measurements of tree height derived from 
multi-spectral and hyper-spectral imagery may be related to a number of vegetation 
characteristics, rather than tree height itself. 
 
In addition to tree height variations, measures of stand age or tree age classes have been used 
as measures of regeneration within a stand.  A number of different studies have found the 
textural measures such as semivariance and GLCM measures, in addition to image spectral 
information, provide good estimates of variation within a stand due to variations in canopy 
roughness as vegetation matures (Dickson et al. 1999, Song and Woodcock 2002, Kayitakire et 
al. 2006, Johansen et al. 2007).  The use of multi-temporal imagery has also been used to 
estimate approximate stand age, through monitoring changes in vegetative cover.  This 
approach is, however, limited by prior knowledge of the vegetation characteristics within an area 
and the date range of the imagery used (Ruiz et al. 2005).   
 
Other structural information, such as tree DBH distribution and vegetation cover can also be 
used as a surrogate measurement of woody vegetation regeneration (see Section 2.3.2).  While 
measures of vegetation cover are routinely derived from remotely sensed data, the use of 
multiple sources of remotely sensed data, such as multi-spectral imagery and radar data, can 
be used to improve the discrimination of woody vegetation regeneration, as the spectral 
signature between mature and immature vegetation can be difficult to distinguish (Lucas et al. 
2006).  Ancillary data, such as time since fire, has also been used to monitor vegetation growth 
and estimate the age of trees using both aerial photography and multi-spectral imagery such as 
Landsat TM (Riaño et al. 2002, Zhang et al. 2004, Nagler et al. 2005, Ruiz et al. 2005).  This 
information can then be used to infer information about regeneration, vegetation health, and 
vegetation persistence within a landscape. 
 
Remotely sensed data can be used to detect vegetation stress or insect damage, which can 
lead to tree dieback and an overall decline in the health of vegetation (Dickson et al. 1999, 
Stone and Coops 2004, Wallace et al. 2006, Wulder et al. 2008).  Vegetation indices such as 
the NDVI or measures of LAI have been used to assess vegetation health and monitor the 
effects of drought, particularly at landscape or regional spatial scales (Dickson et al. 1999, 
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Singh et al. 2003).  Digital videography, hyper-spectral imagery, and high spatial resolution 
aerial photography or satellite imagery, have been used to provide measures of individual tree 
health and to monitor the influence of disease or insect damage on tree health (Stone and 
Coops 2004, Stone and Haywood 2006, Wulder et al. 2008).  Multi-temporal imagery also 
provides useful information on vegetation cover trends, which can provide information about 
vegetation decline or tree health in an area (Wallace et al. 2006).   
 
The direct assessment of functional vegetation attributes from multi-spectral remotely sensed 
data is challenging.  While multi-spectral remotely sensed data has been used to some degree 
to provide measures of vegetation function, high spatial resolution imagery and emerging 
technologies, such as LiDAR and airborne laser data, have been used to provide detailed 
measures of stand attributes such as tree height (Leckie et al. 2003, Holmgren and Persson 
2004).  These measures have then been used to infer information regarding vegetation 
regeneration.   
 
Ancillary data, such as the occurrence of disturbance events, also provide means to infer 
information about regeneration and other functional attributes of vegetation.  Measures of tree 
health or dieback can be linked to measures of vegetation cover, which are extensively derived 
from multi-spectral imagery (see Section 2.3.2).  Some measures of vegetation function, such 
as landscape function analysis and system resilience, lend themselves to assessment via multi-
spectral remotely sensed data and are more extensively utilised than other vegetation function 
attributes such as species regeneration.  These measures of vegetation function are often 
inferred through the assessment of the amount and spatial distribution of vegetation cover within 
a landscape (Pickup et al. 1994, Bastin et al. 2002, Ludwig et al. 2004), with estimates of 
vegetation cover readily derived from multi-spectral remotely sensed data (see Section 2.3.2). 
 
2.4 Conclusion 
 
Remotely sensed data are routinely used to provide estimates of structural, functional and 
compositional vegetation attributes.  Here, vegetation attributes utilised in published vegetation 
condition metrics are considered.  The spectral reflectance characteristics of vegetation 
determine the type and accuracy of vegetation information that can be derived from remotely 
sensed data.   The temporal influence on vegetation spectral response is also a key 
consideration in terms of individual plant and landscape changes.  Vegetation phenology varies 
throughout the year in accordance with growing patterns, and the spectral reflectance of 
vegetation changes accordingly (Jensen 2000, McCoy 2005).   
 
The utlity of multi-spectral remotely sensed data for the assessment of stand-level vegetation 
condition attributes is highly dependent on the type of attribute being measured.  Structural 
attributes such as vegetation cover and stem density are frequently measured using multi-
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spectral remotely sensed data at a range of spatial scales.  Many different remotely sensed 
vegetation indices have been developed to provide information on a range of vegetation 
characteristics such as vegetation cover, leaf density or leaf water content (Huete 1988, 
Kaufman and Tanré 1992, Myneni and Williams 1994, Qi et al. 1994, Huete et al. 2002).  
However, other structural attributes such as coarse woody debris are not currently recovered 
from multi-spectral imagery with an acceptable accuracy and other remote sensing platforms 
such as LiDAR are used as an alternative approach.  Measures of compositional and functional 
vegetation attributes derived from multi-spectral imagery are also highly variable.   
 
The ability of remotely sensed data to provide measures of vegetation attributes is highly 
dependent on the characteristics of the vegetation, imagery, and individual sensor.  The 
variable utility of multi-spectral imagery is an important consideration in terms of landscape 
scale vegetation condition assessment using remotely sensed data, and will influence the 
content and accuracy of vegetation condition information derived from multi-spectral remotely 
sensed data.  Other spatial data considerations, such as spatial scale and ground data 
collection methods, also affect relationships between remotely sensed data and vegetation 
attribute measurements.  The influence of spatial data quality issues such as these on the ability 
to retrieve vegetation attributes from remotely sensed data is reviewed in the following chapter. 
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3 Spatial data quality considerations for the remote sensing of vegetation 
condition 
 
3.1 Introduction 
 
Spatial data quality is an important consideration in any study involving geographic information, 
including remotely sensed data.  Measures of spatial data quality originate from historical map 
production considerations, and the growing need to communicate this information amongst 
producers and users of geographic information (Comber et al. 2006).  The International 
Cartographic Association established the Commission of Spatial Data Quality in 1991 to 
develop guidelines and approaches for assessing the quality of spatial data (Guptill and 
Morrison 1995), which have been implemented in many national and international spatial data 
quality standards.  The pragmatic use of spatial data for multiple purposes, stemming from the 
cost (in terms of time and resources) of compiling new data, places increasing importance on 
quantifying and communicating spatial data quality information (Comber et al. 2006). 
 
Spatial data quality can be considered within space and time, and relates to aspects of data 
accuracy, spatial and temporal resolution, data completeness, and data consistency (Guptill and 
Morrison 1995, Hunter et al. 2003b).  Spatial data quality elements identified within existing 
geographic data guidelines commonly include what are termed the ‘Big 5’ issues: (1) positional 
accuracy, (2) attribute accuracy, (3) logical consistency, (4) data completeness, and (5) data 
lineage (Morrison 1995, Hunter et al. 2003a, Comber et al. 2006, Reinke and Jones 2006).  
While some issues are generic to all spatial data, such as lineage, logical consistency and 
attribute accuracy, others, such as spatial scale, temporal resolution, and site homogeneity, are 
particularly relevant for remote sensing applications.   
 
Consideration of spatial data quality issues is required to improve the ability of existing field 
surveys and field assessment methodologies to accommodate the needs of remote sensing 
applications (Townsend and Walsh 2001, McCoy 2005, Reinke and Jones 2006).  The use of 
remotely sensed data in ecological studies is increasing (Turner et al. 2003, Fassnacht et al. 
2006), creating a need to address the compatibility between remotely sensed data analysis and 
ground data requirements.  Poor compatibility between ground data and remote sensing data 
will greatly undermine the potential gains in inference that may be achieved by integrating the 
two approaches (Congalton 1991, Shoshany et al. 1996, Defries et al. 2000, Townsend and 
Walsh 2001, Liang 2004, Reinke and Jones 2006, Wulder et al. 2008, Meng et al. 2009).   
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Spatial data quality issues that are reviewed in this chapter are summarised in Figure 3.1.  They 
were chosen from principles employed by, and issues encountered in, previous remote sensing 
studies such as Campbell et al (1999), Brogaard and Ólafsdóttir (1997), and Reinke and Jones 
(2006).  In addition, other spatial data quality issues such as those identified in Guptill and 
Morrison (1995), Aspinall and Pearson (1996) and Hunter et al (2003b) are also reviewed.   
 
The six key spatial data quality issues outlined in Figure 3.1 are considered in this thesis with 
specific reference to the influence they have on ground data collection methodology design, and 
the subsequent analysis of relationships between ground and remotely sensed data, in 
ecological studies such as the one presented in this thesis.  These issues are reviewed here 
and further addressed when designing a ground data collection methodology for this project 
(presented in Chapter 6) and are also investigated in terms of their impact on modelling 
relationships between vegetation attributes and remotely sensed data variables (presented in 
Chapter 9).   
 
 
Spatial Scale
*
Consideration of image
spatial resolution and
the spatial variation
of ground variables
Temporal Resolution
Synchronicity of ground data
collection with image 
acquisition
Positional accuracy
m
The influence of 
the geometric accuracy of 
the imagery and the 
positional accuracy of
the GPS unit
Spatial Data 
Quality Issues
Homogeneity
Use of homogenous, or 
evenly mixed field sites
for remote sensing
validation
Attributes
Measure attributes in a
quantitative manner with
appropriate accuracy
Other data quality issues
Consider elements
of data quality such as lineage
and completeness
 
 
Figure 3.1.  A summary of the spatial data quality issues considered in this thesis, adapted from 
Guptill and Morrison (1995), Aspinall and Pearson (1996), and Reinke and Jones (2006) 
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3.2 Spatial scale and spatial resolution 
 
Spatial scale can be related to the attribute being studied (for example, vegetation), the 
sampling unit used to measure the variable, and the analysis and representation of data in 
either spatial databases or map products (Milne and Cohen 1999, Nagendra 2001, Dungan et 
al. 2002).  Multi-scale analysis is becoming an increasingly important challenge as recognition 
of the scale-dependent nature of ecological variation increases (Moody and Woodcock 1995, 
White and Walker 1997, Hay et al. 2002, Fischer et al. 2004).  This multi-scalar dependent 
nature of ecological phenomenon derives from the geographic variation of the landscape 
(resulting from climatic gradients, disturbance history, topographic variation), the spatial context 
of landscape elements, and the biological features of flora and fauna (White and Walker 1997, 
Fischer et al. 2004). 
 
Understanding processes operating across spatial scales is a key ecological challenge (Moody 
and Woodcock 1995, Fischer et al. 2004).  From an ecological viewpoint, changes in landscape 
structure that resolve at different spatial scales can provide new information about the 
landscape (Milne and Cohen 1999).  Multi-scalar approaches to ecological analysis are also 
becoming increasingly important as NRM agencies make use of spatially hierarchical reporting 
structures (see Section 1.2) (Hay et al. 2002, Thackway et al. 2007). 
 
Spatial scale issues are considered in this thesis through the development of a ground data 
collection methodology, which is presented in Chapter 6.  A key challenge of any ground data 
collection methodology for use with remotely sensed data is the consideration of the spatial 
resolution of the imagery being used and the spatial variation of the target ground variables 
within the one integrated methodology.  The influences of spatial scale on the relationship 
between ground and remotely sensed variables are also explored in Chapter 9. 
 
There are many different terms used with reference to spatial scale.  Terms such as scale, 
resolution, grain and extent are often used with different interpretations.  These terms are 
defined here for clarity.   
 
The scale of the data represents the smallest area that is featured in the spatial data, such as a 
spatial database element or map feature (Clarke and Clark 1995).  Two components of scale 
are grain and extent.  Extent is the area over which separate observations are made, or the total 
area being analysed (White and Walker 1997, Nagendra 2001, Dungan et al. 2002).  The extent 
of remotely sensed data can be considered in terms of the image scene area, the bandwidths 
sampled by the sensor and the temporal duration of the image (Hay et al. 2002).  The extent is 
defined as the size of the study area for this project (see Chapter 4). 
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The grain of spatial data is the area over which an observation is made or sampling unit, such 
as a plot, site or pixel (White and Walker 1997, Dungan et al. 2002).  As the grain of spatial data 
increases, the variation between samples decreases, as the deviations present in the data are 
averaged over a larger area (White and Walker 1997).  In terms of ground data, the grain can 
be considered in terms of sites or plots used to sample variables of interest.  For remotely 
sensed data, the grain is equivalent to spatial, spectral and temporal resolution of pixels in an 
image (Nagendra 2001, Hay et al. 2002, Fassnacht et al. 2006).  The two interpretations of 
spatial grain, in terms of ground and remotely sensed data, play a key role in determining an 
appropriate vegetation sampling scheme for use with remotely sensed data (see Chapter 6) and 
also influence derived relationships between ground and remotely sensed data (see Chapter 9).  
 
The spatial resolution of a sensor is an important feature, as it determines the detail of the 
information that can be extracted from an image (Marceau et al. 1994b, Groom et al. 2006, 
Morales et al. 2008).  The resolution of spatial data is the smallest feature that can be resolved 
(Clarke and Clark 1995, Drummond 1995).  It is frequently defined as the smallest sampling unit 
or data grain (Dungan et al. 2002, Fassnacht et al. 2006).  The spatial resolution of remotely 
sensed data is often considered as the pixel size of the imagery or in terms of the sensor’s 
ground sample area (Jensen 2000, Dungan et al. 2002, ERSG 2003).  Values recorded within 
an image pixel are an integration of the energy reflected or emitted within a ground surface 
area, which corresponds to the sensor’s instantaneous field of view (IFOV) (Marceau et al. 
1994a).   
 
The spatial resolution of a sensor also determines the number of elements (individual objects 
such as trees) that are contained within a single pixel.  This is an important consideration as the 
individual objects contained within a pixel will influence the spectral reflectance recorded by that 
sensor and the utility of the data for a specific purpose.  For example, imagery with a coarse 
spatial resolution will contain many objects within a pixel, so broad ranging information is often 
derived from this type of imagery (Dickson et al. 1999, Nagendra 2001).  Conversely, imagery 
with a fine spatial resolution may contain only portions of an object within a pixel, which creates 
a range of other sampling issues such as object identification and defining a spectral response 
from multiple pixels (Dickson et al. 1999, Nagendra 2001).  In some cases, the spatial resolution 
of the imagery may limit the information derived from remotely sensed data and therefore the 
usefulness of the data for a particular landscape, or feature of interest (Nagler et al. 2001, 
Bastin et al. 2002, Lausch and Herzog 2002, Morales et al. 2008). 
 
Currently, there are a large range of sensors collecting remotely sensed data across a wide 
range of spatial resolutions ranging from sub-meter pixel widths to pixels of up to 1km.  The 
spatial structure of remotely sensed data changes with image scale and resolution (Milne and 
Cohen 1999).  This creates a need to carefully select appropriate remotely sensed data for 
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specific projects, and is also an important consideration when collecting ground truth data for 
remote sensing projects.  Semivariograms of remotely sensed imagery represent the spatial 
structure of an image, and can be used as a guide to selecting an appropriate spatial resolution 
for a particular project (see Section 2.2.1) (Woodcock and Strahler 1987, Curran 1988, 
Woodcock et al. 1988a, Marceau et al. 1994a).  The determination of an appropriate spatial 
resolution also depends on the level of detail that is required for an individual project.   
 
Conversely, semivariograms can also be used to determine the optimal spatial resolution for a 
project in terms of image objects, rather than the inherent spatial structure of the remotely 
sensed data.  Landscape structures and the elements contained within them, such as individual 
trees and areas of different land uses, vary across different spatial scales (White and Walker 
1997, Milne and Cohen 1999, Hay et al. 2002, Fischer et al. 2004).  There is a unique spatial 
resolution that is appropriate for the discrimination of all elements in complex landscapes, 
specific to each individual entity (Marceau et al. 1994a, Marceau et al. 1994b), reflecting the 
multi-scalar nature of landscapes and ecological variation (White and Walker 1997, Fischer et 
al. 2004).  This information can be used to inform the development of an effective ground 
sampling strategy (see Chapter 6). 
 
The relationship between remotely sensed data and landscape elements is dependent on the 
relationship between the size of elements in the landscape and the spatial resolution of the 
imagery.  Image analysis tools such as such as image semivariance and local image variance 
have been used to investigate the optimal spatial resolution of imagery for particular landscapes 
and land covers (Woodcock and Strahler 1987, Marceau et al. 1994a, Milne and Cohen 1999, 
Morisette et al. 2003, Zawadzki et al. 2005).  The spatial variation of a target variable also has 
important implications for determining appropriate spatial resolution of remotely sensed data 
and suitable mapping units for mapped products (Fassnacht et al. 2006, Nijland et al. 2009). 
 
The raster nature of remotely sensed data leads to issues relating to the Modifiable Areal Unit 
Problem (MAUP).  The MAUP represents the sensitivity of data analysis to the definition of the 
sampling unit area (grain or spatial resolution of the sensor), and is a result of the arbitrary 
definition of sampling units used to collect and analyse data (Marceau et al. 1994b, Marceau 
and Hay 1999, Hay et al. 2003).  This issue creates variation in results, when data are 
aggregated, or different sampling units are used (Marceau and Hay 1999, Dungan et al. 2002, 
Doll et al. 2006).  Therefore, model calibration and statistical models developed using one 
spatial data grain size are not directly transferable to other spatial data (Milne and Cohen 1999, 
Jiang et al. 2006).   
 
In terms of remotely sensed data, the consequence of the MAUP is that results are dependent 
on the sampling units used to collect data and the spatial resolution of the imagery (Bian 1997, 
Walsh et al. 1997, Davidson and Csillag 2001, Hay et al. 2003, Jones et al. 2006, Rocchini 
2007).  Different results can occur if the scale of the analysis is held constant, but the sampling 
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areas are aggregated in different ways or boundary locations are altered (Doll et al. 2006, Jones 
et al. 2006).   
 
The MAUP issue also affects the collection of ground data for use in remote sensing projects.  
As the spatial resolution of imagery becomes coarser, the collection of representative ground 
data becomes more difficult as the ground area sampled may not be directly equitable to the 
spatial resolution (pixel size) of the imagery (Campbell et al. 1999, Liang 2004).  Smaller 
samples are often measured as representative of an area, particularly if the spatial resolution of 
remotely sensed data is coarse (250m – 1km).   
 
This creates a need for the use of appropriate spatial scaling techniques and carefully designed 
ground data collection methodologies, and highlights the importance of spatial scale issues 
when collecting ground truth data for remote sensing applications.  The sample size used to 
collect ground data needs to consider the minimum sampling unit suitable for the imagery and 
minimum sampling unit suitable for the feature of interest (Legendre et al. 2002, McCloy 2006, 
Reinke and Jones 2006, Rocchini 2007).  This can also be considered in terms spatial grain, 
considering the grain of the remotely sensed data and the sampling unit used to assess ground 
data attributes (see above). 
 
The collection of ground data that corresponds with the spatial resolution of remotely sensed 
data enhances the utility of ground data, and is a key challenge for remote sensing studies 
(Brogaard and Ólafsdóttir 1997, Davidson and Csillag 2001, Nagler et al. 2001, McCoy 2005).  
Many studies have used a ground sample size that approximates the dimension of pixels in the 
remotely sensed data, using either a single pixel or blocks of pixels (Brogaard and Ólafsdóttir 
1997, Means et al. 1999, Thomlinson et al. 1999, Nagendra 2001, Wylie et al. 2002, Nusser and 
Klaas 2003, Armston et al. 2004, Carreiras et al. 2006, Reinke and Jones 2006).  The geometric 
accuracy, in addition to the pixel dimensions, is an important consideration when defining an 
appropriate sampling unit (Brogaard and Ólafsdóttir 1997, Reinke and Jones 2006).  Issues of 
positional accuracy and image geometric accuracy are discussed in Section 3.4.   
 
Another important consideration for the collection of ground data in remote sensing studies is 
the spatial variability of the target elements within the landscape being sampled.  This variability 
will influence the distribution of field sites across the landscape, the number of field sites 
required to gain a representation sample of the population, the size of the field sites, and the 
methods used to measure variables within field sites (Brogaard and Ólafsdóttir 1997, Reinke 
and Jones 2006, LeMay et al. 2008).  This variability may also influence the use of random, 
stratified or systematic survey designs (Liang 2004).  The field sample size, or grain, used 
should be sufficient to capture the feature of interest at a scale consistent with the spatial 
resolution of the remote sensing data, but also considers the spatial distribution of the features 
of interest (Brogaard and Ólafsdóttir 1997, McCoy 2005, Reinke and Jones 2006, Rocchini 
2007).  A multi-scale survey may be required to accommodate the different spatial variability of 
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elements within the landscape (Hay et al. 2002, Lee et al. 2003, Fischer et al. 2004, Reinke and 
Jones 2006). 
 
There are numerous examples of ground data collection methodologies and protocols, which 
have been developed considering the features of specific remote sensing platforms (Lefsky et 
al. 1999, Thomlinson et al. 1999, Wylie et al. 2002).  One highly cited example of a field protocol 
designed specifically for use with remotely sensed imagery is the BigFoot calibration and 
validation program, designed for use with the MODIS sensor and related products (Morisette et 
al. 1998, Campbell et al. 1999, Cohen and Justice 1999, Liang 2004).  Other calibration and 
validation schemes include the Earth Observing System (EOS) Land Core Validation Sites, and 
Long-term Ecological Research (LTER) sites established in the United States and other 
countries. 
 
The BigFoot calibration and validation program is a multi-stage spatial sampling scheme that 
uses plots to approximate the spatial resolution of one source of remotely sensed data, but 
allows the data to be aggregated across larger areas (Morisette et al. 1998, Campbell et al. 
1999, Morisette et al. 2003, Liang 2004).  The program aims to develop methods to scale 
measurements from point in-situ measurements to larger regions, and to quantify errors and 
uncertainties when scaling vegetation characteristics from plots to larger areas for the purposes 
of remote sensing data validation and calibration (Campbell et al. 1999, Cohen and Justice 
1999, Morisette et al. 2003).  The use of larger areas as sampling units, and the use of data 
aggregation to provide calibration and validation data, introduces issues associated with land 
heterogeneity, which are further discussed in Section 3.5.   
 
 
3.3 Temporal resolution considerations  
 
Temporal considerations, such as the currency of data and temporal consistency between data 
sets, are important features of spatial data.  There are different types of temporal information 
relating to spatial data: the time that a change occurs, the time a change is recorded, and the 
time the spatial dataset is updated to reflect that change (Guptill 1995).  The temporal currency 
of a dataset can also apply to an entire dataset or to selected features within the dataset.   
 
Temporal currency, or temporal accuracy, affects many aspects of the spatial data including 
lineage, positional accuracy, attribute accuracy, and data completeness (Guptill 1995).  The 
temporal variation of a feature of interest can also affect the statistical power of a study (Schieck 
2002).  Data lineage provides a historical compilation of the data, including methods used to 
compile the data and any additions or further alterations to the data.  This reflects the temporal 
currency of the data.  Similarly, data completeness also reflects the temporal currency of the 
data.  These two aspects of spatial data quality are further discussed in Section 3.7.  Positional 
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accuracy and attribute accuracy can also vary over time (discussed in Sections 3.4 and 3.6 
respectively). 
 
In terms of remotely sensed data, the temporal resolution of a sensor can be an important 
consideration for different applications (see Section 2.2.1).  The temporal resolution of a sensor 
is determined by the time period between image acquisitions over the same geographical 
location.  The temporal resolution of a sensor is an important characteristic when spatial data 
are acquired repeatedly for monitoring purposes or for multi-temporal analysis.   
 
The temporal resolution of remotely sensed data has an important influence on the spectral 
reflectance recorded within an image (see Section 2.2.1).  This is a more important 
consideration where dynamic features are of interest, such as vegetative cover, rather than 
variables that exhibit little temporal variation, such as buildings (McCoy 2005).  Where 
vegetation is a feature of interest in a project, temporal resolution is particularly important, as 
vegetation is a dynamic feature that varies temporally as well as spatially (White and Walker 
1997, Landres et al. 1999, Jensen 2000, Nagendra 2001, ERSG 2003, Wilson et al. 2004).   
 
The date of image acquisition becomes an important issue when considering vegetation since 
vegetation communities and individual plants are affected not only by seasonality but also by 
climatic conditions such as drought or rainfall events (see Section 2.2.1) (Jensen 2000, 
Carreiras et al. 2006, Hnatiuk et al. 2008).  Temporal variation of vegetation includes seasonal 
variation, inter-annual variation, short and long terms changes due to climatic conditions, and 
variation initiated by disturbance or successional events (White and Walker 1997, Jensen 2000, 
Schieck 2002).  Plant vigour and health, which vary over time, also affect spectral reflectance 
(Jensen 2000, ERSG 2003).  This temporal variation can affect all sites within an area equally 
or the effect can vary spatially (see Section 9.3) (Schieck 2002).  The use of multi-temporal 
imagery can improve the distinction between different land cover classes, or vegetation types, 
using variations in plant phenology to identify changes in spectral response characteristics (see 
(see Section 2.2.1 and 2.2.3) (Davidson and Csillag 2001, Huang et al. 2001, Townsend and 
Walsh 2001, Morisette et al. 2003, Mehner et al. 2004, Wilson et al. 2004). 
 
The synchronicity between ground data and remotely sensed data acquisition is a key 
consideration when obtaining ground data for remote sensing applications as it will influence the 
relationship between the two spatial data sources.  Ideally, image acquisition and ground data 
collection should be coincident (Nusser and Klaas 2003, McCoy 2005, Johansen and Phinn 
2006, Reinke and Jones 2006, Coulter and Stow 2009).  Matching the acquisition of remotely 
sensed data and ground data, considering both season and year, can improve linkages 
between the two, providing a more accurate ground truth for the project.   
 
Temporal mismatches between ground data collection and remotely sensed data acquisition 
can affect the usefulness and accuracy of resulting classifications or derived relationships 
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(Ludwig et al. 2000, McCoy 2005, Reinke and Jones 2006, Zerger et al. 2009).  Where dynamic 
features, such as vegetation, are of interest, the season within which ground data and image 
data are acquired may become a more important consideration than the overall temporal 
disparity between data sets, as vegetation may show similar spectral characteristics during the 
one season, even if the images are acquired several years apart (McCoy 2005, Coulter and 
Stow 2009).  This is an important consideration particularly when archived imagery is used in 
projects. 
 
3.4 Positional accuracy of spatial data 
 
The positional accuracy of spatial data is another important aspect of data quality.  Positional 
accuracy refers to the precision of the data and can either be considered as absolute accuracy, 
which is measured with respect to points of known location, or relative accuracy, that is 
considered with respect to another dataset (McCoy 2005, Reinke and Jones 2006).  Positional 
accuracy can also be measured as either horizontal or vertical accuracy.  Positional accuracy of 
spatial data is linked to the resolution of the data, or the smallest measurement recorded by a 
particular instrument (see Section 3.2) (Drummond 1995).   
 
Spatial data must be produced within an acceptable positional accuracy range, where the 
difference between the data position and the actual true position varies by a known amount 
(Drummond 1995).  Doubt about information at a particular location results in uncertainty within 
the data, affecting relationships between spatial data and the accuracy of remotely sensed data 
classification (Means et al. 1999, Tokola 2000, Comber et al. 2006, Weber et al. 2008).  Errors 
in position can be introduced at a number of different stages including the initial acquisition of 
the data and any consequent transformation applied to the data.  The lineage of a data set 
plays an important role in determining and documenting the positional accuracy of it.  Positional 
accuracy of data can be ignored if a non-site specific accuracy assessment is needed 
(Congalton 1991), however, if a measure of accuracy at a given site is required then an 
assessment of positional accuracy is required. 
 
The position of spatial data is recorded in terms of coordinate systems and map projections.  
Coordinate systems and map projections are an important aspect of spatial data quality as 
different projections and coordinate systems impose different degrees of bias and distortion on 
the spatial data (Drummond 1995).  A datum is a mathematical representation of the earth’s 
surface and is a reference frame used to define coordinates of a point on the earth (Iliffe 2000).  
A number of different datums are in use throughout the world, and are used either globally or 
defined for localized regions.  The coordinates of a point differ depending on the datum used to 
record them (ICSM 2002).   
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The World Geodetic System 1984 (WGS84) is a global geocentric datum that is used with the 
Global Positioning System (GPS), which is a satellite-based navigation system.  A datum that is 
defined with the centre of the earth as its origin is referred to as a geocentric datum (Iliffe 2000).  
In Australia, the Geocentric Datum of Australia (GDA94) is the standard datum used to record 
spatial data.  GDA94 supersedes the Australian Geodetic Datum (AGD) (ICSM 2002).  For most 
practical applications, GDA94 is considered equivalent to WGS84 (ICSM 2002).  As GDA94 is 
the standard datum used for Australian spatial data, this map datum was used for all spatial 
data for this project, including remotely sensed data and GPS point locations used to record 
ground data locations. 
 
A map projection is a mathematical representation of the earth’s curved surface on a flat map 
sheet (Mather 2004).  It is used to transform the geodetic coordinates recorded through the 
GPS (latitude and longitude) to rectangular grid coordinates (easting and northing) (El-Rabbany 
2006).  The process of projecting coordinates results in some degree of distortion which varies 
between map projections.  The Universal Transverse Mercator (UTM) is a widely used map 
projection.  The UTM projection divides the earth’s surface into zones, which are projected 
separately to minimise distortion (El-Rabbany 2006).  In Australia, the Map Grid of Australia 
1994 (MGA94) map projection is used in conjunction with the GDA94 datum.  MGA94 is defined 
using the UTM projection (ICSM 2002). 
 
When data are located spatially, there is always some degree of positional inaccuracy 
associated with the data, relative to either a defined coordinate system or another spatial 
dataset.  When multiple sources of remotely sensed imagery are used conjointly, this issue 
becomes further compounded (Thomlinson et al. 1999, Elmore et al. 2000, Armston et al. 2002, 
Coulter and Stow 2009), and spatial misalignment between data can become a serious issue.  
The relative positional accuracy of remote sensing data is a concern, particularly when ground 
data are used.  There is a need to know the spatial relationship between datasets to create valid 
comparisons (Means et al. 1999, Armston et al. 2002, Morisette et al. 2003, Groom et al. 2006, 
McCloy 2006, Reinke and Jones 2006, Weber et al. 2008).   
 
Ground control points (GCPs), points of known spatial position, are used to assess the 
positional accuracy of the data (Thomlinson et al. 1999, Reinke and Jones 2006).  The Root 
Mean Square Error (RMSE) is often used as a measure of positional accuracy, particularly for 
remotely sensed imagery.  GCPs of known location are often used to determine the accuracy 
(Drummond 1995).  Positional accuracy statements of spatial data are often provided as a 
RMSE statement.  This can be a global statement of positional accuracy, relevant of the extent 
of the data, or be used to identify local areas or ‘hot-spots’ of positional error.  The RMSE of 
remotely sensed data is considered in terms of pixel dimensions.  Generally, a RMSE of 
between 0.5 and 1 pixel width is considered acceptable, although the required accuracy is 
determined by the future uses of the particular spatial data (Thomlinson et al. 1999, Armston et 
al. 2002, Reinke and Jones 2006, Wulder et al. 2008).   
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A requirement of ground data for use in remote sensing applications is a known spatial 
relationship to the remotely sensed data.  An important consideration of ground data collection 
planning is the estimation of potential positional inaccuracy sources and compensating for this 
within the ground sampling strategy (Treitz et al. 1992, Stehman and Czaplewski 1998, Means 
et al. 1999, Elmore et al. 2000, McCoy 2005, Johansen and Phinn 2006, Weber et al. 2008, 
Wulder et al. 2008).  There are two sources of positional inaccuracy that affect the ability to 
locate ground data sites accurately with respect to remotely sensed imagery: the positional 
accuracy of the GPS unit used to locate the ground data sites in the field, and the geometric 
accuracy of the remotely sensed imagery. 
 
To reduce the impact of positional errors on the estimation of variables from remotely sensed 
data, sampling strategies based on pixel clusters are often used in remote sensing studies.  
This strategy negates the need to locate single pixels accurately within an image.  Pixel clusters 
of 3 x 3 and 5 x 5 are commonly used sampling units, and have been used in a number of 
previous remote sensing studies (Stehman and Czaplewski 1998, Lefsky et al. 1999, Means et 
al. 1999, Nagendra 2001, Golevitch et al. 2002, Nusser and Klaas 2003, Armston et al. 2004, 
Weber et al. 2008).  Nagendra (2001) suggests a ground data sample site with dimensions of 
between two and five pixel widths as an appropriate sampling unit to accommodate relative 
positional inaccuracies between spatial data, while McCoy (2005) suggests a minimum ground 
sample area of a 3 x 3 pixel cluster for remote sensing studies.   
 
The use of a pixel cluster as a sampling unit can also ensure that the interior of an area is 
sampled, reducing the potential of sampling mixed pixels rather than homogenous ground 
areas.  Large homogenous areas are less likely to be affected negatively by positional 
inaccuracy issues (Means et al. 1999, Elmore et al. 2000, McCoy 2005, Weber et al. 2008).  
Ground data sites should be located a specified distance from boundaries or edges to reduce 
effect of relative positional inaccuracy, as this reduces the chances of sampling a 
heterogeneous area (Oliver and Parkes 2003, Reinke and Jones 2006).  The effect of site 
homogeneity is discussed in Section 3.5.  Incorporating a buffer around ground data collection 
sites also ensures a full homogenous pixel is sampled, rather than a sample incorporating 
portions of several pixels (Thomlinson et al. 1999).  The distance a ground site should be 
located from the boundary depends on the size of feature of interest, such as a vegetation 
remnant, and the spatial resolution of the sensor.  Reinke and Jones (2006) recommend 
locating ground sites at least one pixel width from boundary areas.   
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3.5 Site homogeneity 
 
While spatial heterogeneity of vegetation attributes is considered important in terms of 
biodiversity conservation across landscapes (Turner 2005), homogenous areas are of more 
interest in terms of ground data collection for remote sensing studies.  Sampling homogenous 
areas can assist in establishing relationships between ground and remotely sensed data before 
relationships in more heterogeneous areas are explored (Mehner et al. 2004, McCoy 2005, 
Reinke and Jones 2006). 
 
Sampling in a homogenous area is advantageous since a given variable is distributed uniformly 
across an area, or that variables are evenly mixed (McCoy 2005).  The spatial context of a site, 
i.e. the relationship of a site to its surroundings, includes the nature of edges and boundaries, 
and the size and relative isolation of sites.  The spatial context of a site can affect the physical 
conditions within a site, and levels of disturbance, which in turn affects species composition, and 
the structure and function of the vegetation (White and Walker 1997).  Variability within a site 
can be attributed to differences in soils, hydrology and microhabitat, which result in variations in 
the vegetation and habitat components distributed across the site (Schieck 2002).  Within-site 
variability (heterogeneity) affects the statistical power of studies and the level of accuracy of 
spatial data (Treitz et al. 1992, Schieck 2002).  Site homogeneity also influences the information 
recorded by a sensor.  For example, recorded reflectance values, and derived indices such as 
the NDVI, vary depending on the level of heterogeneity across the image and the spatial 
resolution of the sensor (Teillet et al. 1997).   
 
An issue related to site homogeneity that is specific to remotely sensed data is that of pure and 
mixed pixels, which result from variance within a landscape with respect to the spatial resolution 
of the data.  Mixed pixels contain spectral reflectance information from a number of different 
variables of interest, such as land cover type.  Pure pixels are those that contain spectral 
information about one variable of interest only.   
 
The spatial resolution of an image affects the occurrence of mixed pixels within an image, as 
mixed pixels are a function of the spatial resolution of the sensor and the complexity of the 
objects contained within the image (see Section 3.2) (Woodcock and Strahler 1987).  As spatial 
resolution decreases, the number of mixed pixels within an image will generally increase as 
pixels incorporate reflectance data from multiple land cover types or variables of interest.  
Imagery with a coarse spatial resolution (> 100m) often have pixels that comprise different 
features, therefore it is difficult to measure parameters which characterise that pixel (Davidson 
and Csillag 2001, Hsieh et al. 2001, Nagler et al. 2001, Xie et al. 2008).  Remotely sensed data 
with a coarser spatial resolution may be less sensitive to the spatial complexity of the 
landscape, as information about features are averaged within a larger area, reducing the 
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variation recorded by a sensor (Shoshany et al. 1996, Rocchini 2007).  This is an important 
consideration in terms of field data variability, and the use of imagery with an appropriate spatial 
resolution for a particular purpose (see Section 3.2). 
 
The inclusion of mixed pixels in field sites for a remote sensing project will affect the accuracy of 
the analysis and the ability of derived relationships between ground and remotely sensed 
variables to discriminate between different attributes of interest (Foody 1996, Shoshany et al. 
1996, Davidson and Csillag 2001, Hsieh et al. 2001, Colombo et al. 2003, McCoy 2005, 
Rocchini 2007).  This highlights the importance of measuring ground data in homogenous areas 
to gain representative information about a variable of interest within a pixel, an issue addressed 
in Chapter 6.  Larger homogenous areas are also less likely to be negatively affected by 
positional accuracy issues (see Section 3.4), compared with heterogeneous areas where 
variables change at a higher spatial frequency (McCoy 2005).  Heterogeneous landscapes 
make the measurement of ground data, and extrapolation of relationships across landscapes 
problematic, particularly for sensors with coarser spatial resolutions (Singh et al. 2003, Liang 
2004).   
 
Generally, ground data collection sites are located within homogenous, or evenly mixed, land 
cover areas (Nusser and Klaas 2003, Armston et al. 2004, Gallo et al. 2005, Reinke and Jones 
2006).  For example, Kuhnell et al (1998) specifically chose field sites of uniform mature 
vegetation when selecting ground truth sites, limiting the influence of mixed pixels.  This practice 
extends to ecological, as well as remote sensing, data collection.  For example, methods for the 
ground assessment of vegetation condition frequently specify that field assessments should be 
conducted within homogenous stands of vegetation, that do not considerably vary internally 
(Parkes et al. 2003, DSE 2004, Gibbons et al. 2005, Eyre et al. 2006, Michaels 2006).  The 
degree of site homogeneity across sites used to calibrate and validate remotely sensed data 
affects the accuracy of the resulting classification.  Several studies have observed increases in 
classification accuracy as the patch size increased and site heterogeneity decreased (Hyyppä 
and Hyyppä 2001, Smith et al. 2003). 
 
However, mixed pixels can constitute an important inclusion in remote sensing classification 
accuracy assessments, as omitting mixed pixels may lead to artificially high accuracy 
assessments, particularly where there are a large proportion of mixed pixels in the remotely 
sensed image being used (Tokola 2000, Fassnacht et al. 2006).  Restricting the analysis of land 
cover to homogenous areas within a landscape effectively divides the area into two classes: 
homogenous and heterogeneous areas (Stehman and Czaplewski 1998, Fassnacht et al. 
2006).  In some cases, pure and mixed pixels are identified during the ground data collection 
stage and used separately in image classification and accuracy assessment (Mehner et al. 
2004).  This is an important consideration when comparing accuracies between different maps 
and determining the limitations of a particular approach to data classification (Fassnacht et al. 
2006).   
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3.6 Measurement of ground data attributes 
 
Attributes are used to distinguish features within a spatial dataset or map.  An attribute is a ‘fact’ 
about a feature, but the way attributes are assigned within a spatial dataset is affected by the 
method used to compile the spatial data.  For example, attributes derived from remote sensing 
data are constrained by the spatial, spectral, and radiometric characteristics of the sensor 
(Goodchild 1995, Phinn 1998, Jensen 2000).  Attribute accuracy can have a large impact on the 
quality and usability of spatial data.  For example, errors in ground data collected for a project 
can lead to large amounts of data being excluded from further analysis (Newell et al. 2006).  
Attribute accuracy may also be unsuitable for a particular project.  For example, uncertainty in 
attribute measurement may be too high to distinguish changes in attributes of interest, such as 
canopy cover or tree density (Zerger et al. 2006). 
 
Attributes can be attributed to points, lines, or polygon features (Perry et al. 2002).  In the case 
of remotely sensed data, attributes can also be assigned to pixels (or raster cells).  The 
methods used to define features (vector or raster) within the dataset determine how attributes 
are then assigned.  This can influence the results of further analysis.  For example, Radford 
(2005) found that tree density estimates derived from raster spatial data were lower than those 
derived from vector spatial data over the same landscapes.   
 
The spatial resolution of a sensor is also an important consideration when defining features and 
attributes, as this affects the size of the area given a particular attribute, such as a polygon or 
raster grid.  For example, the spatial resolution of a sensor will determine the size of tree, or 
width of stream, that can be identified and attributed within an image (see Section 3.2).  This is 
an important consideration when deriving vegetation attributes from remotely sensed data, as 
demonstrated in Section 2.3.  The spatial resolution of the sensor, and size of features in the 
data, is also an important consideration when attributes from individual points, or areas smaller 
than data features, are used to generate average values across areas such as pixels or 
polygons (Goodchild 1995).   
 
Spatial data attributes can be recorded in numerous ways.  Data can be recorded as 
quantitative or qualitative measurements.  Quantitative data can also be recorded as either 
discrete or continuous variables, with varying levels of precision.  The manner in which data are 
recorded influences the way they can be analysed and the types of statistical methods 
employed.  Mapping continuous variables allows greater flexibility for future use of the data than 
variables recorded as categorical attributes (McCoy 2005, Fassnacht et al. 2006).  Recording 
raw quantitative variables does not impose artificial restrictions on the data, allowing data to be 
manipulated for different purposes, such as the application of various categorical classification 
schemes (Reinke and Jones 2006).  This also allows data to be aggregated into progressively 
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broader categories, forming a hierarchical data structure, which can be useful if attribute 
accuracy is not considered acceptable at finer levels of detail (Thomlinson et al. 1999, 
Fassnacht et al. 2006).   
 
There are variable levels of uncertainty associated with each attribute.  Attribute uncertainty is a 
measure of the range of values for an attribute that results from repeated measurements of the 
same feature (Goodchild 1995).  In terms of attribute measurements, two terms, precision and 
accuracy, are often used interchangeably.  However, the two terms refer to different aspects of 
the data.  Precision refers to the level of detail that is reported, while accuracy refers to the 
relationship between the spatial data and the ground data (Drummond 1995, Goodchild 1995, 
McCloy 2006).  Precision and accuracy of spatial data can refer to both the position of a feature 
(positional accuracy) (see Section 3.4) and the attributes assigned to a feature (attribute 
accuracy) (Drummond 1995, Goodchild 1995). 
 
Attribute uncertainty can result from variations in the instruments used to measure a feature or 
human error.  Attribute uncertainty is also influenced by the method used to measure the 
attribute, which can vary depending on spatial position, rather than being consistent across the 
extent of the data (Goodchild 1995).  Positional accuracy also influences the uncertainty 
associated with attributes, as this affects the capacity to correctly locate and attribute features in 
the dataset, which is referred to as positional matching between spatial features and the 
attributes assigned to them (see Section 3.4) (Goodchild 1995, Reinke and Jones 2006).  This 
is an important consideration as the attribute uncertainty may be influenced by the relative 
positional accuracy of data in addition to the way that an attribute is measured.   
 
Measuring attributes that are appropriate for a project with adequate detail, and using an 
appropriate measurement technique, is an important consideration when designing a ground 
data collection methodology for remote sensing applications (Curran 1988, McCoy 2005, Meng 
et al. 2009).  Attributes measured for a project will be determined by the aims of the project and 
an understanding of the spectral response of the variable of interest (McCoy 2005).  Data 
collected as ground data for remote sensing projects will influence on the classification of 
imagery, the types of products that are developed using the data, and the expected accuracy of 
any results.   
 
For remote sensing projects, field data measurements should be made in a quantitative manner 
(McCoy 2005).  This principle is employed in this study, as documented in Chapter 6.  
Recording variables qualitatively makes comparisons over time difficult (Failing and Gregory 
2003).  Recording quantitative variables can also improve the accuracy of data collected, 
particularly in instances where a number of assessors have recorded the ground data or where 
ground data are collected over a period of time. 
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3.7 Other spatial data quality considerations 
 
There are many other spatial data quality issues that influence the use of spatial data and the 
collection of ground data for remote sensing analysis purposes.  The use of multiple sources of 
data to construct integrated spatial databases has created an increased impetus for 
documentation regarding data quality, allowing users of the data to asses the fitness for use of 
that particular dataset (Olson et al. 1999, Hunter et al. 2003b).  In addition to those issues 
reviewed above, other issues considered important with respect the spatial data include: 
− data lineage, 
− data completeness, 
− logical consistency, 
− semantic accuracy, and 
− provision of appropriate metadata. 
 
Data lineage is a historical record of the data, and describes the acquisition of the data, 
compilation of the data, and any further transformations or corrections that have been applied to 
the data (Clarke and Clark 1995).  Lineage includes information such as the source of the data, 
spatial data characteristics, map projections and datums, data correction and calibration, and 
methods used to collect the data (Clarke and Clark 1995, Morrison 1995, Reinke and Jones 
2006).  In terms of remotely sensed data, pre-processing methods, atmospheric corrections and 
geometric corrections are also included in data lineage information, as these have important 
influences on the final characteristics of the data.  This information can help to identify 
inconsistencies in the data and can be used to assess the fitness of use for a particular dataset, 
which is particularly important when a single dataset is used for multiple purposes (Hunter et al. 
2003b, Lee et al. 2003, Reinke and Jones 2006).   
 
Data completeness is a measure of data quality, and is used to identify errors of omission and 
commission, and to identify missing values within the dataset (Brassel et al. 1995, Reinke and 
Jones 2006).  Assessment of data completeness can be difficult, particularly where the data are 
compared to some abstract concept of complete reality, which can be difficult to define (Brassel 
et al. 1995).  Data completeness can also be affected by temporal issues, such as the currency 
of the data.  Features and attributes can change over time (see Section 2.2.1 and 3.3), thus 
influencing the completeness of the data (Brassel et al. 1995, Guptill 1995).   
 
Logical consistency deals with the structural integrity of the data.  Logical consistency of data 
documents spatial features, and interpolation errors such as, missing sections of the data, and 
duplicate lines within the dataset (Kainz 1995).  Logical consistency also documents the 
methods used to classify the data, the reliability of the data, and logical relationships between 
different data points (Kainz 1995, Reinke and Jones 2006).  Semantic accuracy includes 
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aspects of completeness (such as errors of omission and commission), data consistency, 
temporal accuracy, and attribute accuracy (Salgé 1995).  Semantic accuracy looks at the 
mismatch between what is recorded in the data and the actual definition of those features (de 
Bruin and Bregt 2001, Comber et al. 2006).  Differences in ground data collection methodology 
over time, such as forest cover definitions or measurement precision, can lead to discrepancies 
between spatial data, and increases the difficulty in estimating data accuracy (Defries et al. 
2000, Lee et al. 2003).  This illustrates the temporal component of semantic data accuracy. 
 
Ground data collection can often represent a significant amount of project resources.  For 
remote sensing projects, resource constraints can often lead to ground data re-use from various 
other projects (Lee et al. 2003, Reinke and Jones 2006, Wulder et al. 2008).  Use of data from 
several sources reinforces the need to consider spatial data quality issues outlined above and 
the need for well-documented metadata.  Appropriate metadata is a central requirement for any 
type of data as it provides information for future users of the data such as the methodology used 
to collect the data, any limitations associated with the data, and spatial and attribute accuracy 
(Hunter et al. 2003b, Comber et al. 2006).  The information contained within the metadata can 
assist to evaluate the fitness for use of the data (Comber et al. 2006). 
 
 
3.8 Conclusion 
 
There are a number of spatial data quality issues that are considered to be very important in 
terms of their influence on the nature of spatial data and results that arise from the analysis of 
that spatial data.  Key spatial data quality considerations such as those summarised above are 
integrated within international frameworks and guidelines such as: 
− the United States National Committee on Digital Cartographic Standards,  
− the National Institute of Standards and Technology,  
− the United Nations Environmental Programme,  
− the International Organization of Standardization, and  
− the Spatial Information Council of Australia and New Zealand guidelines (formerly known 
as the Australia New Zealand Land Information Council).   
 
The key spatial data quality issues considered in this thesis, in terms of ground data sampling 
and data analysis are: (1) spatial scale and resolution, (2) temporal resolution, (3) positional 
accuracy of spatial data, (4) site homogeneity, (5) attribute measurement approaches, and (6) 
other data quality issues such as lineage.  These issues are summarised in Figure 3.1.  This 
chapter presents a summary of features and considerations relevant to each of these issues.  
 
Due to the importance of these spatial data quality issues, and the emphasis placed them in 
existing spatial data standards, the influence of these issues is considered throughout this 
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thesis in terms of the design of an appropriate sampling methodology to collect vegetation 
attributes for this study (presented in Chapter 6), and in terms of the influence that spatial data 
quality issues, such as spatial scale and site homogeneity, can have on derived relationships 
between remotely sensed data and ground data (presented in Chapter 9). 
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4 Study area 
 
The work presented in this thesis was conducted in southern New South Wales (NSW).  The 
study area was located in an agricultural landscape, dominated by cleared agricultural land 
interspersed with patches of remnant native vegetation.  The use of remotely sensed data for 
the assessment of vegetation condition attributes in fragmented landscapes is a focus of this 
study.  The study area chosen for this project represented a fragmented and degraded 
landscape, with a number of remnant native vegetation areas of differing characteristics.  
Several sources of multi-spectral remotely sensed data were available across the study area.  
Remotely sensed data from two multi-spectral sensors, Ikonos and SPOT 5, were used in this 
project.  Details of the remotely sensed data used in this study are given in Section 5.2. 
 
4.1 Study area location 
 
The study area was located in southern NSW, north of the town of Albury on the Murray River, 
as shown in Figure 4.1.  The study area was approximately 22km x 11km, and represents the 
spatial extent of the Ikonos imagery used in this project (see Section 5.2).  Holbrook (32° 38' 
20.94'' S 150° 22' 8.52'' E) is the largest town in the study area, and is located along the Hume 
Highway, which is a major transportation route between Melbourne and Sydney. 
 
 
 
Figure 4.1.  The location and extent of the study area in southern NSW 
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4.2 Physical environment within the study area 
 
The study area is located in the Murray Catchment Management Authority (CMA) area within 
the South West Slopes Bioregion.  It forms part of the Murray Catchment, which in turn forms 
part of the Murray-Darling Basin, a geological feature covering 300,000km2 of southern Australia 
(Murray CMA 2006).  The mean annual rainfall across the region is 594.1mm (BOM 2008).  The 
study area is characterised by low undulating hills and floodplains.  The Billabong Creek, and 
associated tributaries and wetlands, are the dominant watercourses in the study area.   
 
The South West Slopes Bioregion, of which the study area is a part, is dominated by red and 
yellow duplex soils, while the floodplain and drainage systems in the study area are associated 
with yellow solodic soils, grey and brown clays, and alluvial sediments (Murray CMA 2006).  
Much of the area is dominated by agricultural land uses.  Grazing (sheep and cattle) and 
cropping are the dominant agricultural enterprises.  Other agricultural enterprises in the study 
area include horticulture and farm forestry. 
 
It is estimated that more than 80% of native vegetation in the study area has been cleared, 
largely for agriculture (Miles 2001, Gibbons and Boak 2002).  Other threatening processes 
impacting native vegetation include inappropriate grazing regimes, land use intensification, 
weeds and exotic plants, and the removal of coarse woody debris (such as firewood collection) 
(Miles 2001).   
 
Most remnant native vegetation occurs in isolated remnants on private property, along 
roadsides, in travelling stock reserves, as riparian vegetation, or in larger reserves such as 
Woomargama National Park, which is located in the southeast of the study area.  Figure 4.2 
illustrates the typical distribution of native vegetation in the study area, including small remnants 
on private property and isolated paddock trees.  The hills in the background of Figure 4.2 are 
incorporated within Woomargama National Park and represent larger areas of remnant 
vegetation within the study area. 
 
Native vegetation can be classified in a number of ways.  Broad Vegetation Types (BVTs) is one 
classification system used within the Murray CMA and was developed by the Nature 
Conservation Working Group (Murray CMA 2006).  There are many sub-classifications used to 
complement the BVTs framework.  Another vegetation classification system, Keith (2004), is 
used when completing BioMetric native vegetation condition assessments within the study area 
(Gibbons et al. 2005).  Three BVTs occur within the study area.  These are: Grassy Box 
Woodland (GBW), Dry Foothill Forest (DFF), and Riverine Woodland Forest (RWF). 
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Figure 4.2.  An example of the typical distribution of remnant vegetation throughout the study 
area, ranging from isolated paddock trees and small remnants, to larger reserves of native 
vegetation such as national parks 
 
The dominant BVT found in the study area is GBW, but it is also regarded as one of the most 
depleted vegetation types, with approximately 90% of GBW cleared within the Murray CMA 
(Miles 2001, Murray CMA 2006).  Woodland vegetation in Australia is characterised by widely 
spaced tree crowns, with per cent canopy foliage cover ranging between 10% and 30% 
(Lindenmayer et al. 2005).  Most woodland trees are less than 30m high, with the sub-type of 
woodland vegetation community determined by species composition and topographical location 
(Keith 2004, Lindenmayer et al. 2005).  Woodland vegetation has been largely cleared or 
altered by agricultural land uses, as it is predominantly found on fertile soils.   
 
Due to its depleted nature and the proximity of remaining vegetation remnants to agricultural 
land, GBW remnants were expected to be in predominantly poor condition.  The dominant 
species associated with GBW in the study area include: Yellow Box (Eucalyptus melliodora), 
White Box (E. albens), Grey Box (E. microcarpa), Blakely’s Red Gum (E. blakelyi), and Red Box 
(E. polyanthemos) (Miles 2001).  The understorey of GBW is mostly comprised of grasses and 
forbs.  An example of GBW in the study area is shown in Figure 4.3. 
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Figure 4.3.  An example of Grassy Box Woodland vegetation, dominated by Yellow Box and 
White Box with a grassy understorey 
 
The second most common BVT in the study area is DFF, which is found on lower elevations of 
the highlands, typically on poorly developed soils (Miles 2001).  The largest remnants of DFF in 
the study area were located in areas of national park and were consequently expected to be in 
better condition than GBW remnants.  The dominant species associated with DFF include: Red 
Stringybark (E. macrorhyncha), Broad-leaf Peppermint (E.dives), Apple Box (E. bridgesiana), 
Blakely’s Red Gum, and Red Box (Miles 2001).  An example of DFF in the study area is shown 
in Figure 4.4.   
 
Riparian vegetation strips along waterways and low-lying floodplains within the study area are 
dominated by RWF.  Due to the proximity of RWF remnants to watercourses, this vegetation 
type is largely modified within the study area.  This BVT is dominated by River Red Gum (E. 
camaldulensis), with smaller occurrences of Grey Box (Miles 2001).  An example of RWF within 
the study area is shown in Figure 4.5. 
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Figure 4.4.  An example of Dry Foothill Forest vegetation, dominated by Red Stringybark with 
sparse understorey vegetation cover 
 
 
 
Figure 4.5.  An example of Riverine Woodland Forest vegetation, with highly modified 
understorey vegetation 
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5 Remotely sensed data 
 
5.1 Introduction 
 
This chapter describes the remotely sensed data used in this study, including sensor 
characteristics and image processing undertaken.  The structure of this chapter is outlined in 
Figure 5.1.  Two sources of operational multi-spectral satellite imagery are used in this project, 
SPOT 5 and Ikonos, because of their availability within the study area and prospective uses for 
vegetation assessment applications at broad scales (see Section 1.3).  The image statistics 
extracted from the remotely sensed data are then used in further analyses to investigate 
associations between remotely sensed variables and ground-based vegetation measurements, 
as presented in Chapters 7 - 9. 
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Figure 5.1.  An outline of Chapter 5 
 
5.2 Imagery used in this study 
 
Two different sensors are used in this project; Ikonos and SPOT 5, which are operational, rather 
than research orientated, multi-spectral satellite sensors.  This project focused on the use of 
multi-spectral platforms as they provide data at landscape and regional spatial scales, acquired 
at regular time intervals and are frequently used to assess vegetation (see Sections 1.3 and 
2.3).  Remote sensing platforms, such as hyper-spectral sensors and LiDAR, were explicitly 
excluded from this project because they are not considered to be operationally feasible at 
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present in the context of assessing vegetation condition at regional scales, and their broader 
use in NRM is therefore limited at present.   
 
Multi-spectral platforms can be considered as either synoptic systems or high spatial resolution 
satellite sensors.  Synoptic systems, such as MODIS and Landsat 5 TM, provide data across a 
wide swath and have a relatively coarse spatial resolution (30m – 1km).  High spatial resolution 
satellite sensors, such as SPOT 5, Ikonos, Quickbird and the Advanced Land Observing 
Satellite (ALOS), have a comparatively narrow swath but provide data at a finer spatial 
resolution (< 20m).   While there have been numerous previous studies documenting the use of 
synoptic systems, such as Landsat TM, for assessing vegetation attributes (see Section 2.3), 
the focus of this thesis is the use of high spatial resolution multi-spectral satellite sensors, and 
their utility for the assessment of vegetation condition. 
 
SPOT 5 and Ikonos sensors were used for this project because of their availability and 
increasing use in NRM applications in Australia.  The extent of the Ikonos imagery defined the 
extent of the study area for this project (see Section 4.1).  SPOT 5 imagery was acquired over 
the state of NSW, including the study area for this project, as part of the NSW vegetation 
compliance and monitoring program (Shaikh et al. 2006).  As such, the potential uses of SPOT 
5 imagery in this area of study were of interest.  The inclusion of Ikonos imagery in this project 
provides multi-spectral remotely sensed data at a finer spatial resolution than SPOT 5, allowing 
issues relating to spatial scale to be explored (see Sections 3.2 and 9.2).  Ikonos imagery, while 
currently too expensive to be used routinely in operational NRM activities of this nature, has 
wide coverage and a growing archive within Australia, suggesting this sensor, or those with 
similar features, may be used with greater regularity in the future.   
 
5.2.1 Sensor characteristics 
 
The wide range of remote sensing systems available represents differing characteristics 
between sensors.  A sensor is typified by its (1) spatial, (2) spectral, (3) radiometric, and (4) 
temporal resolution.  Each influence the type and amount of information that is recorded by the 
sensor (Phinn 1998).  These four characteristics are briefly summarised here.  The influence of 
these sensor characteristics on relationships between vegetation attributes and remotely 
sensed imagery are considered in Chapter 9, and are important considerations for elements of 
spatial data quality, as reviewed in Chapter 3.   
 
The spatial resolution of a sensor influences the information content of the imagery (Marceau et 
al. 1994b).  A sensor’s spatial resolution can be measured in a number of ways, however it is 
often nominally defined as the ground dimensions of a sensor’s IFOV, over which an 
instantaneous measurement is made by the sensor (Jensen 2000, Mather 2004).  The spatial 
resolution of a sensor is the smallest distance tha
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measure of spatial detail or grain (see Section 3.2).  It is linked to the pixel size of the imagery 
and the contrast variation within the scene (see Section 3.2).  Here, spatial resolution is defined 
by the sensor’s pixel dimensions. 
 
The temporal resolution of a sensor may be defined as the time period between image 
acquisitions over the same location of the Earth.  Multi-temporal imagery can provide 
information on how variables, such as land cover type, change over time.  Temporal variation is 
also a powerful tool for distinguishing between features of vegetation (see Section 2.2.1).  For 
example, the season during which imagery is acquired can influence the type of information 
recovered from remotely sensed data as the phenology of vegetation varies inter- and intra-
annually (see Section 2.3) (McCoy 2005).   
 
The spectral resolution of a sensor influences the information that can be derived from the 
imagery.  Different surfaces absorb, emit and reflect different proportions of electromagnetic 
radiation.  The spectral reflectance characteristics of vegetative surfaces are reviewed in 
Section 2.2.1.  Remote sensing systems do not record data across the entire EMS; rather, they 
record reflectance within discrete pre-selected sections, referred to as bands.  The spectral 
resolution of a sensor refers to the number of bands that are recorded, the width of these 
bands, and the location of these bands within the EMS (Jensen 2000), which varies between 
sensors.  The location and width of a sensor’s spectral bands plays an important role in 
detecting attributes of interest and the degree to which cover types can be separated (Wallace 
and Campbell 1998). 
 
The radiometric resolution, also referred to as radiometric depth or dynamic range, of a sensor 
defines the ability of a sensor to detect differences in signal strength from reflected radiance 
reaching the sensor (Jensen 2000).  When reflectance information is recorded by a sensor, it is 
stored as discrete values known as digital numbers (DNs).  DNs are not physical quantities of 
energy, but quantised values, which can then be converted to reflectance values using sensor-
specific algorithms (Tso and Mather 2001).  The radiometric resolution of a sensor is related to 
the number of quantisation levels available, which determines the number of DNs used, and the 
number of grey tones in an image.  DNs are recorded as bits.  Remotely sensed data can be 
recorded using a range of quantisation levels including 8-bit, 11-bit and 12-bit data (see Section 
2.2.2).  A larger radiometric resolution allows a greater number of grey levels to be utilized by 
the sensor.   
 
5.2.2 Sensor information 
 
The Ikonos sensor is a high spatial resolution commercial satellite, operated by GeoEye.  The 
satellite was launched in 1999, and has a sun synchronous orbit at an altitude of 681km.  The 
sensor records four multi-spectral bands (blue, green, red and NIR) and a panchromatic band 
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(Table 5.1.).  The Ikonos sensor has an 11-bit radiometric resolution.  Background information 
on the spectral, spatial, and radiometric resolution of sensors is given in Section 5.2.1.  
 
Table 5.1.  Spectral and spatial resolution details of the Ikonos sensor 
 
Band Spatial (ground sample) resolution Spectral resolution 
Pan 1m 0.45-0.90 µm 
Blue (B1) 4m 0.45-0.52 µm 
Green (B2) 4m 0.51-0.60 µm 
Red (B3) 4m 0.63-0.70 µm 
NIR (B4) 4m 0.76-0.85 µm 
 
The SPOT remote sensing satellites are part of a French program operated by the Centre 
National d’Etudes Spatiales (CNES).  The SPOT 5 satellite is the 5th in a series of SPOT 
satellites and was launched in 2002.  SPOT 5 has a sun synchronous orbit at an altitude of 
822km at the equator.  There are a number of instruments on the SPOT 5 satellite including two 
High Geometric Resolution (HGR) optical sensors, a high resolution stereoscopic instrument, 
and the ‘Vegetation’ instrument.  The HGR sensor records two 5m panchromatic bands, which 
are then used to generate a 2.5m spatial resolution panchromatic image.  The HGR sensor also 
records four multi-spectral bands (green, red, NIR and SWIR).  The spectral and spatial 
resolution details of the SPOT 5 sensor are provided in Table 5.2.  The SPOT 5 sensor has an 
8-bit radiometric resolution. 
 
Table 5.2.  Spectral and spatial resolution details of the SPOT 5 sensor 
 
Band Spatial (ground sample) resolution Spectral resolution 
Pan 2.5m 0.48-0.71 µm 
Green (B1) 10m 0.50-0.59 µm 
Red (B2) 10m 0.61-0.68 µm 
NIR (B3) 10m 0.78-0.89 µm 
SWIR (B4) 20m 1.58-1.75 µm 
 
5.2.3 Project image details 
 
The Ikonos imagery was supplied as two scenes, although the images were acquired 
sequentially and along the same path.  Both scenes were acquired on 15/11/2002 and were 
obtained for this project from an image archive.  The two scenes covered an area of 
approximately 11km x 20km.  Image acquisition details are supplied in Table 5.3.  The location 
and extent of the Ikonos imagery is shown in Figure 5.2.  Figure 5.4a shows a false colour 
composite Ikonos image of the study area. 
 
The SPOT 5 image used for this project was obtained as part of the NSW vegetation mapping 
and monitoring program (Shaikh et al. 2006).  A total of six SPOT 5 images were used in this 
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project.  Image acquisition details of the SPOT 5 imagery are given in Table 5.4.  These images 
were acquired over consecutive seasons, and were used to provide an illustration of the 
temporal influence of remotely sensed data (documented in Section 9.3).  Figure 5.3 shows the 
extent of all SPOT 5 imagery used in this study.  For clarity, these images have been labelled 
images 1 – 6, as shown in Figure 5.3.  SPOT 5 imagery acquired on 26/01/2005 (Image 2 in 
Figure 5.3) was used for comparative analysis with the Ikonos imagery in this study.  The scene 
covers a 60km x 60km area, which was then clipped to the spatial extent of the study area for 
this project (see Section 5.3.1).  Figure 5.2 shows the location of the Ikonos and SPOT 5 
imagery acquired within the study area.  Figure 5.4b shows a false colour composite SPOT 5 
image of the study area.   
 
Table 5.3.  Ikonos image acquisition parameters 
 
Image acquisition date 15/11/2002 
Image acquisition time 00:18 GMT 
Sun angle azimuth 57.18° 
Sun angle elevation 62.17° 
Percentage cloud cover in image 0 
 
Table 5.4.  SPOT 5 image acquisition parameters 
 
Image acquisition date 26/01/2005 
Image acquisition time 00:25 GMT 
Sun angle azimuth 64.70° 
Sun angle elevation 59.40° 
Image 1 
Percentage cloud cover in image 0 
Image acquisition date 26/01/2005 
Image acquisition time 00:25 GMT 
Sun angle azimuth 64.10° 
Sun angle elevation 59.10° 
Image 2 
Percentage cloud cover in image 0 
Image acquisition date 19/03/2005 
Image acquisition time 00:25 GMT 
Sun angle azimuth 44.40° 
Sun angle elevation 46.40° 
Image 3 
Percentage cloud cover in image 1 
Image acquisition date 26/05/2005 
Image acquisition time 00:17 GMT 
Sun angle azimuth 29.7° 
Sun angle elevation 27.2° 
Image 4 
Percentage cloud cover in image 0 
Image acquisition date 30/10/2004 
Image acquisition time 00:18 GMT 
Sun angle azimuth 52.60° 
Sun angle elevation 58.90° 
Image 5 
Percentage cloud cover in image 0 
Image acquisition date 30/10/2004 
Image acquisition time 00:18 GMT 
Sun angle azimuth 52.20° 
Sun angle elevation 58.60° 
Image 6 
Percentage cloud cover in image 0 
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Figure 5.2.  Extent of the Ikonos and SPOT 5 imagery, acquired over the study area in southern 
NSW 
 
 
 
Figure 5.3.  Extent of the SPOT 5 image scenes utilised in this project, located in southern NSW 
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Figure 5.4.  False colour composite images of the study area in southern NSW from a) Ikonos 
sensor (4m spatial resolution, image acquired 15/11/2002), and  b) SPOT 5 sensor (10m spatial 
resolution, image acquired 26/01/2005) 
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In addition to differing spatial, spectral and radiometric resolutions between the two sources of 
imagery, the images used in this project were acquired several years apart (Table 5.3 and Table 
5.4).  Images used in this project, while acquired over different years, were acquired within three 
calendar months of each other, reducing some potential sources of annual, intra-seasonal, and 
inter-seasonal variability in vegetation response.  While annual rainfall in the study area is highly 
variable, both images were acquired following a period of below average rainfall (Figure 5.5).  
After periods of similar rainfall, similar vegetation growth patterns would be expected.  Due to 
the slightly higher levels of rainfall preceding the capture of the SPOT 5 image, there may 
however be some differences relating to the growth of vegetation between the two images.  The 
influences of temporal differences between the two sources of imagery are examined in Section 
9.3. 
 
The landscape studied was considered to be largely stable over the time period between image 
acquisition dates.  While vegetation extent information for the Murray CMA was not updated for 
the period between 2001 (Miles 2001) and 2006 (Murray CMA 2006), visual inspection of the 
imagery and information from local landholders and local NRM authorities suggested there had 
been no significant changes in vegetation extent between image acquisition dates, from either 
land clearing activities or fire.  Both images were free of cloud cover. 
 
 
 
Figure 5.5.  Annual rainfall and image acquisition dates.  Rainfall data are recorded at the 
Albury weather station, which is the nearest weather station to the study area.  Rainfall data 
sourced from BOM (2008) 
 - 73 - 
 
5.3 Image pre-processing details 
 
Image pre-processing encompasses a number of different techniques used to manipulate raw 
digital imagery before further analysis.  The need to perform different procedures and 
corrections depends on the quality of the image and the requirements of the project.  As pre-
processing alters the nature of these data, only functions deemed necessary were completed.  
The ENVI® 4.2 image processing software suite was used to complete all image pre-processing 
routines.  
 
5.3.1 Image geometric registration 
 
To allow remotely sensed imagery to be used with other spatially referenced data, the imagery 
is registered to a known map coordinate system, comprising a map datum and projection.  
Information on map datums and projections is given in Section 3.4.  All spatial data used in this 
project, including imagery, was transformed to comply with the GDA94 datum, as this is the 
Australian national standard datum used to record spatial data (ICSM 2002). 
 
The Ikonos imagery was supplied as a standard geometrically corrected product.  The SPOT 5 
imagery was supplied as an orthorectified product.  A 3 x 3 convolving filter was also applied to 
the SPOT 5 imagery during pre-processing stages prior to supply.  Cubic convolution 
resampling is a commonly used interpolation algorithm, but has a smoothing effect on the 
image.  This smoothing effect can alter the level of detail present within an image in terms of 
spatial resolution, which can consequently influence image analysis results (see Section 3.2) 
(Marceau et al. 1994b, Bian 1997). 
 
The Ikonos imagery was supplied as two separate scenes.  These two scenes were mosaiced 
using the Pixel-based Mosaic function in ENVI® 4.2.  Inspection of the individual image 
histograms showed a consistent spectral response between the two images, and consequently 
no corrections were applied to the images.  The mosaiced Ikonos image area was 
approximately 11km x 20km, and was used to define the spatial extent of the study area (Figure 
4.1).  The SPOT 5 image was supplied as a 60km x 60km scene.  As this area is significantly 
larger than the extent of the Ikonos imagery, a spatial subset of the SPOT 5 imagery was 
created to match the spatial extent of the Ikonos imagery using the Spatial Subset function in 
ENVI® 4.2.   
 
The Ikonos and clipped SPOT 5 images were closely examined to assess the need for further 
image registration, which is a process used to spatially align disparate sources of remotely 
sensed data.  Image to image registration uses ground control points to correct geometric errors 
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(Drummond 1995, Thomlinson et al. 1999).  A RMSE of the equivalent distance of between 0.5 
and 1 pixel is generally considered acceptable (see Section 3.4) (Thomlinson et al. 1999, 
Armston et al. 2002, Reinke and Jones 2006).  A total of 12 GCPs were located throughout the 
study area, using targets such as road intersections and building corners.  Accurately locating 
GCPs in the agricultural land use areas of the imagery was more challenging, as there were few 
invariant objects that could be used as a positional reference.  In some cases, trees were used 
as GCPs.  A 3rd order polynomial transformation was applied, using a nearest neighbour 
resampling method, to register the two images.  This particular method was used to avoid 
smoothing of images associated with other algorithms such as a cubic convolution filter.  The 
Ikonos imagery was used as a reference image.  The resultant images were registered with a 
total RMSE of less than 0.5 of a pixel. 
 
5.3.2 Atmospheric and radiometric correction 
 
The spectral value of an individual pixel is affected not only by interactions with the ground 
surface, but atmospheric interactions such as scattering and absorption.  These interactions can 
affect the intensity of spectral reflectance recorded by a sensor.  The effects of these 
interactions also vary between sensors (Tso and Mather 2001, Lillesand et al. 2004).  The 
amount of electromagnetic energy reaching a sensor depends on a number of factors including; 
− interactions and reflectance from the land surface, 
− atmospheric interactions, 
− the topography of the land, including slope and aspect, 
− the angle of the sensor’s IFOV, and 
− solar elevation level (Mather 2004). 
 
There are a range of pre-processing functions that can be applied to imagery to correct 
variations present due to atmospheric interactions.  Prior to distribution by supplying companies, 
remotely sensed data are subject to a number of corrections, such as adjustment for 
instrumentation error.  Imagery is then further corrected by the user if necessary.  For this 
project, all imagery was converted from DNs to radiance values.  As DNs are not physical 
quantities of energy, they should be converted to physical quantities of energy for use in further 
analyses (Liang 2004).   
 
Radiance is the radiant intensity, or upward-welling energy, per area per angle per wavelength 
interval.  It is recorded in W cm-2 sr-1 µm-1 where W is energy measured in watts, Sr is the angle 
measurement (steridian) and µm is the wavelength recorded.  DNs are converted to radiance 
values through the use of calibration coefficients, which are supplied for different sensors.  
These calibration coefficients are specific for an image acquisition date, as the sensor response 
changes over time (GeoEye 2007).  Radiometric calibration coefficients are determined on a per 
band basis.  These conversions were completed using the Spectral Math function in ENVI® 4.2. 
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Ikonos imagery was converted from DNs to at-aperture in-band radiance using Equation 5.1 and 
the coefficients supplied in Table 5.5.  The results were then multiplied by 100 to convert the 
radiance units to W m-2 sr-1 µm-1, to allow consistency between Ikonos image and SPOT 5 
image measurement units. 
 
L = DN / CalCoef) 
5.1 
where L = radiance (W cm-2 sr-1 µm-1) 
 DN = image product digital value 
 CalCoef = in-band radiance calibration coefficient (W cm-2 sr-1 DN-1) 
 
GeoEye (2007) 
 
 
Table 5.5  Radiometric calibration coefficients supplied for Ikonos imagery, used to convert 
image DNs to radiance values (GeoEye 2007) 
 
Band Calibration coefficient  
1 (Blue) 728 
2 (Green) 727 
3 (Red) 949 
4 (NIR) 843 
 
 
SPOT 5 DNs were converted to radiance units using Equation 5.2 and calibration coefficients 
listed in Table 5.6.  The parameter B (absolute calibration offset) is only applied in limited 
circumstances, and was equal to zero for images used in this project.   
 
L = (X/A) +B 
5.2 
where  L = radiance (W m-2 sr-1 µm-1) 
 X = digital number 
 A = absolute calibration gain (physical gain) 
 B = absolute calibration offset (physical bias) 
SPOT Image (2004) 
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Table 5.6.  Absolute calibration gain values supplied with SPOT 5 imagery (within the image 
header information), used to convert image DNs to radiance values 
 
Band Absolute calibration gain  
1 (Green) 2.139452 
2 (Red) 2.853960 
3 (NIR) 1.738550 
4 (SWIR) 6.332000 
 
The overall image quality of both sources of remotely sensed data was considered excellent, 
with no cloud cover present.  The Fast Line-of-sight Atmospheric Analysis of Spectral 
Hypercubes (FLAASH) process, a pre-processing and calibration function in the ENVI® 4.2 
software package was applied to the imagery.  This process is used to correct image errors due 
to atmospheric effects.  Inspection of the Ikonos imagery pre- and post- correction using this 
function showed no apparent improvements to image quality.  As there were limited 
improvements in image quality post-correction, and the necessary information to apply the 
correction was not available for the SPOT 5 imagery, both Ikonos and SPOT 5 images were 
converted to radiance values, but no further atmospheric correction was applied to the imagery. 
 
5.4 Image processing 
 
To investigate the relevance of information provided by different types of image processing 
techniques for native vegetation condition assessments, a suite of techniques were used to 
process the remotely sensed data.  Image processing undertaken in this study includes (1) the 
calculation of image spatial statistics, (2) the calculation of a GLCM and associated statistics, 
(3) the calculation of several vegetation indices, and (4) a supervised classification of all 
imagery.  A number of these approaches have been used in previous applications to derive 
vegetation attributes from remotely sensed data, as discussed in Section 2.3. 
 
Image statistics were extracted from the remotely sensed data for known spatial areas that 
corresponded with the ground data site locations.  Pixel values for specific areas were extracted 
using regions of interest (ROIs) generated in ArcGIS® 9.2, based on the GPS points used to 
locate ground data sites (see Section 5.5).  Image statistics for each ground data site were 
calculated and used to investigate relationships between remotely sensed data and ground data 
(see Chapters 7 - 9). 
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5.4.1 Creation of an urban area mask 
 
This project focuses specifically on the assessment of native vegetation.  A mask of urban land 
use in the study area was generated to exclude housing and domestic gardens from selected 
analyses.  Urban areas were delineated in ArcGIS® 9.2, using the Ikonos imagery.  The mask 
building function in ENVI 4.2® was then used to generate an urban mask.  The same mask was 
applied to both images to exclude a consistent area from all analyses. 
 
Agricultural areas were not included in the urban mask as remnant isolated paddock trees are 
often associated with agricultural land uses.  Remnant large trees represent important habitat 
resources for many taxa (Gibbons and Boak 2002, Gibbons and Lindenmayer 2002) and were 
sampled during ground data collection.  Roads located outside urban areas were also excluded 
from the image mask as roadside vegetation forms an important subset of ground data collected 
for this project.  A section of this project’s data analysis evaluates the influence of edge areas 
and mixed pixels, which affect site homogeneity, on the strength of correlations between ground 
observations and remotely sensed data (documented in Section 9.4).   
 
5.4.2 Calculation of image spatial statistics 
 
Image spatial statistics such as semivariance and Moran’s I have a wide range of applications in 
remote sensing analysis.  Image spatial statistics provide information about the spatial 
autocorrelation of pixel values (Emerson et al. 2005, RSI 2005, Zawadzki et al. 2005, 
Berberoglu and Curran 2006).  These can be calculated as a single metric for the entire image 
(global spatial statistics) or for specified regions within the image (local spatial statistics).  
Calculation of image spatial statistics at different distances (lags) can provide information on the 
spatial structure of an image.  For this project, global image spatial statistics were calculated for 
both the Ikonos and clipped SPOT 5 image to examine the spatial structure of the images 
(image set (a)).   
 
Semivariance is based on the theory of regionalised variables, which looks at the spatial 
dependence of continuous variables (see Section 2.2.2) (Curran 1988, Woodcock et al. 1988a).  
As a sensor’s response can be considered as a regionalised response, semivariograms can be 
employed to examine the spatial structure of a remotely sensed image, which is indicative of the 
relationship between image objects and the spatial resolution of the imagery (Woodcock and 
Strahler 1987, Woodcock et al. 1988a, Coops and Culvenor 2000).  For an image, the unit of 
regularisation is the pixel, which is affected by a sensor’s spatial resolution and IFOV (see 
Sections 3.2 and 5.2.1) (Zawadzki et al. 2005).   
 
 - 78 - 
The semivariogram is used in Section 6.2 to inform the design of an appropriate ground 
sampling methodology.  The shape of a semivariogram provides information on the spatial 
structure of an image.  Changes in the shape of a semivariogram, such as an asymptote or 
breaks in the slope, can be used to infer dominant spatial scales of interest within an image.  
This information can be used to design a ground sampling methodology, which targets key 
spatial scales or features of interest. 
 
Semivariance is calculated using the squared differences between neighbouring pixels and is 
measured in the same units as the original dataset (Curran 1988, Carr and de Miranda 1998, 
RSI 2005).  Image semivariance is calculated using Equation 5.3  The average semivariance for 
a sample (or image) is given as γ, and is estimated by calculating 2S  for a number of samples 
(Curran 1988).   
 
Semivariance is calculated using observations separated by a specified distance, or lag. 
 
∑ +−=
=
m
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2
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S  
5.3 
Where: 
  
2S  = an unbiased estimate of the average semivariance in the population  
  x = the pixel sample 
  z = the digital number of spectral reflectance value of the pixel  
m = the number of observations used to estimate 2S  
h = the distance or window size 
(Curran 1988, Woodcock et al. 1988a, Carr and de Miranda 1998). 
 
There are several key features that are used to assist in the interpretation of the semivariogram 
with respect to the spatial characteristics of the image.  Key elements used to describe a 
semivariogram are illustrated in Figure 5.6 and include: 
− Lag, which is the distance between sample points,  
− Sill, which is the maximum value of semivariance reached, 
− Range, which is the lag or distance at which the sill value is reached, and 
− Nugget variance, which is the value at which the semivariogram intercepts the y axis 
(Curran 1988, Woodcock et al. 1988a, Merino de Miguel 2000, Zawadzki et al. 2005). 
 
The sill and range parameters are used to define relationships between the semivariogram and 
spatial properties of the image (Curran 1988, Woodcock et al. 1988a, Song and Woodcock 
2002). 
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Figure 5.6.  A generic semivariogram form illustrating the lag, nugget variance, range, and sill 
components  
 
Global image semivariance was calculated for distances up to 100m for each image.  Urban 
areas were excluded from these calculations by applying the urban mask developed in Section 
5.4.1.  This was done as the semivariograms were used to inform the design of a vegetation 
sampling approach and therefore only the spatial structure of vegetated areas was of interest.  
Due to differences in the spatial resolution of the two sensors, the lag for the Ikonos dataset was 
25 pixels and the lag for the SPOT 5 dataset was 10 pixels.  The distance of 100m was chosen 
as ground data collection across distances greater than 100m was considered impractical.  
Semivariance was calculated using a Rook’s Case neighbourhood rule, which selects pixels 
from the top, bottom, left, and right of the target pixel.  The use of a Rook’s Case neighbourhood 
rule reduces the effect of sampling pixels that share an edge (Emerson et al. 2005).  The 
calculation of these statistics generates a value for each lag, which can then be used to 
construct a semivariogram.   
 
Semivariograms were constructed for both individual bands and as averages of all bands.  
Spatial features present in the image are often manifest through all spectral bands.  In some 
cases, semivariance associated with features such as water or vegetation are more 
predominant in specific spectral bands (Curran 1988).  Therefore semivariograms of all 
individual bands and an average of all bands were examined.  The results of these calculations 
are presented in Section 6.2.1. 
 
Additionally, Moran’s I was used to inform the development of an appropriate ground data 
collection methodology (Section 6.2).  Moran’s I is a statistic used to represent the spatial 
autocorrelation across an image.  Moran’s I statistics were calculated at a number of distances 
and used to construct a correlogram, which is similar to a semivariogram.  A correlogram can be 
used to identify distances above which samples are not spatially correlated, referred to as 
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spatial autocorrelation.  To reduce the influence of spatial autocorrelation on information 
collected in the field, samples are selected at distances above which samples are not spatially 
autocorrelated (Bian 1997).  This information can therefore assist in the development of an 
appropriate ground data collection methodology.  
 
The equation used to calculate Moran’s I is given in Equation 5.4, and assumes that pixels are 
sampled using a Rook’s case sample pattern, as this limits comparisons between pixels that 
have a common edge (Emerson et al. 2005).  The urban mask was applied to both images prior 
to Moran’s I calculations.  The Moran’s I statistic is used to characterise the image by rough and 
smooth surfaces.  The statistic ranges in value from +1, which indicates a perfect positive 
correlation or clumped distribution, to -1, which indicates a perfect negative correlation, 
resembling a chessboard distribution (Emerson et al. 2005).   
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Where: 
 wij = the weight at distance (d) 
 Z = the digital number or spectral reflectance value of the pixel 
 W = the sum of all weights 
(Emerson et al. 2005) 
 
The image statistics were calculated using a Rook’s Case neighbourhood rule.  Moran’s I was 
calculated at a number of different lags, for distances up to 100m.  The lag for the Ikonos 
dataset was 25 pixels, the lag for the SPOT 5 dataset was 10 pixels.  These statistics, were 
used to construct a correlogram.  A correlogram represents spatial autocorrelation as a function 
of distance, and can be used to measure the spatial properties of an image (Coops and 
Culvenor 2000).  Deviations from zero are a key feature of a correlogram, in contrast to a 
semivariogram which use a sill and range value as features (Woodcock et al. 1988a). 
 
Both image semivariance and Moran’s I statistics were used to inform the development of a 
ground data collection methodology, as discussed in Section 6.2. 
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5.4.3 Calculation of multi-spectral vegetation indices 
 
A suite of MVIs were calculated from the Ikonos and SPOT 5 imagery (image set (a)).  The 
values of these MVIs were extracted across areas corresponding with ground data sites, as 
described in Section 5.5.  These statistics were used to determine relationships between 
remotely sensed data and vegetation attributes (presented in Chapters 7 and 8).  MVIs are 
radiometric functions that provide information about vegetation reflection and biomass (see 
Section 2.2.3).  For this project a number of different MVIs were calculated that were deemed 
relevant for this work, based on previous studies as reviewed in Sections 2.2.3 and 2.3.  MVIs 
were calculated using the Band Math function in ENVI 4.2®.   
 
MVIs calculated in this project were: 
− Simple ratio (SR) (Pearson and Miller (1974) in Bannari et al (1995)) 
− Normalized Difference Vegetation Index (NDVI) (Rouse et al (1974) in Bannari et al 
(1995)) 
− Transformed Vegetation Index (TVI) (Rouse et al (1974) in Bannari et al (1995)) 
− Soil Adjusted Vegetation Index (SAVI) (Huete 1988) 
− Soil and Atmospherically Resistant Vegetation Index (SARVI) (Kaufman and Tanré 1992), 
and 
− Enhanced Vegetation Index (EVI) (Huete et al. 2002). 
 
Equations used to calculate these vegetation indices are presented in Section 2.2.3.  Many 
MVIs, such as the SAVI and SARVI, use a number of user defined coefficients.  The SAVI 
incorporates a coefficient factor (L) which can be varied between 0 and 1 (Huete 1988, Liang 
2004).  Zero is used where there is very sparse vegetation and 1 is used where there is very 
dense vegetation (Liang 2004).  For this project a coefficient of 0.5 was used.  The SARVI 
incorporates a β term in addition to an L coefficient.  When the SARVI was calculated, an L term 
of 0.5, and a β term of 1 was used.  Neither the SARVI nor EVI were calculated for the SPOT 5 
imagery as both require a blue reflectance band which is not recorded by the SPOT 5 sensor.   
 
5.4.4 Calculation of an image grey-level co-occurrence matrix 
 
In addition to MVIs, a number of different image texture measures were calculated, as these can 
provide important information relevant to vegetation structure (see Sections 2.2.2 and 2.3).  
Image texture characterizes tonal variation in an image.  A GLCM, which is a matrix of relative 
pixel value frequencies, can be used to derive texture features from an image (Tso and Mather 
2001).   
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Grey-level co-occurrence measures are determined from a matrix of relative grey tone 
frequencies, in which neighbouring pixels are separated by a specified distance (Haralick 1979).  
The numbers of different pixel values in a given area are determined, and then pixel values are 
ranked.  The image is the examined to determine the frequency of pixel values (Carr and de 
Miranda 1998).  A GLCM is symmetric, and can also be calculated in a specific direction to 
quantify the directionality of spatial relationships (Haralick 1979, Tso and Mather 2001).   
 
When a GLCM is calculated, the size of the pixel window and the distance between the two 
windows can be varied.  By varying the distance between the two windows, the GLCM can be 
calculated for different directions.  For this project, the GLCM was calculated in both an east-
west and north-south direction by shifting the window in the vertical and horizontal directions.  
The pixel window size used to calculate image texture measures was varied from 3 x 3 to 17 x 
17, to explore the effects of spatial scale on the calculations.  The window sizes used to derive a 
GLCM corresponded to pixel cluster dimensions used to collect ground data (see Section 6.2).  
This enabled equivalent spatial areas of both remotely sensed imagery and vegetation data to 
be compared in further analyses.   
 
Window sizes with dimensions up to 70m x 70m were used to calculate GLCMs (Table 5.7).  
Due to the spatial resolution of the Ikonos imagery, there is some discrepancy between the pixel 
cluster dimensions used (for example a 50m x 50m window is used for the SPOT 5 imagery 
while a 52m x 52m window is used for the Ikonos imagery).  Additional window sizes were used 
when processing the Ikonos imagery to enable results obtained from common spatial areas 
from both sensors to be used in further analysis.  The GLCM was calculated in each direction, 
for each window size for individual spectral bands.  Directional and spectral band averages 
were also calculated.   
 
Table 5.7.  Details of the window sizes used to calculate the GLCM for both images, detailing 
window dimensions in both distance (m) and pixel cluster size 
 
Ikonos imagery (pixel cluster) SPOT 5 imagery (pixel cluster) 
12m x 12m (3 x 3) - 
20m x 20m (5 x 5) - 
28m x 28m (7 x 7) 30m x 30m (3 x 3) 
52m x 52m (13 x 13) 50m x 50m (5 x 5) 
68m x 68m (17 x 17) 70m x 70m (7 x 7) 
 
 
Once a GLCM has been derived from an image, a number of different statistical measures can 
be calculated (Haralick 1979, Carr and de Miranda 1998, Emerson et al. 2005).  A large suite of 
GLCM measures were defined by Haralick et al (1973).  From these, six are commonly 
calculated for remote sensing studies: angular second moment, contrast, dissimilarity, 
homogeneity, correlation, and entropy (see Sections 2.2.2 and 2.3) (Emerson et al. 2005, RSI 
2005, Berberoglu and Curran 2006, Kayitakire et al.
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variance are also calculated using a GLCM derived from remotely sensed imagery (Emerson et 
al. 2005, RSI 2005, Berberoglu and Curran 2006). 
 
Using the ENVI 4.2® Co-occurrence matrix texture filter, a number of image texture measures 
were computed for use in further analysis: 
− mean, 
− variance, 
− homogeneity, 
− contrast, 
− dissimilarity, 
− entropy, 
− second moment, and 
− correlation. 
 
A summary of equations used to calculate GLCM measures is given in Table 5.8.  Once 
calculated, these measures can be output as image bands. 
 
Table 5.8.  Summary of equations used to calculate textural measures from GLCM  (Berberoglu 
and Curran 2006, Kayitakire et al. 2006) 
 
Equation 
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i,j = grey level of paired pixels 
P(i,j) = co-occurrence probability 
 
 
 - 84 - 
 
Different texture measures highlight different features within the imagery.  For example, contrast 
is a function of the number of transitions between high and low grey-level values (Mather 2004).  
As differences between neighbouring pixels increase, contrast also increases (Tso and Mather 
2001).  Second Moment, also referred to as Angular Second Moment, is a measure of the 
homogeneity of pixel tonal values.  The calculations are based on the transitions between pixel 
values, resulting in high textural values where areas are homogenous and low values in 
heterogeneous area (Mather 2004).  Entropy also characterises the homogeneity of an image, 
resulting in higher values for homogenous grey-level distributions and lower values for 
heterogeneous grey-level distributions (Tso and Mather 2001).  Other texture measures such as 
mean and variance highlight other statistical properties of the remotely sensed data. 
 
The eight texture measures were calculated for the Ikonos and SPOT 5 imagery (image set (a)), 
for individual bands and as an average for all bands.  Pixel values for each of these measures 
were then extracted from areas corresponding to areas sampled on the ground, as outlined in 
Section 5.5.  Examples of the processed imagery are given in Figure 5.7 and Figure 5.8.  The 
texture measures used, and the variables used to generate the GLCM, determines the type of 
information that is highlighted in the processed imagery. 
 
 
 
Figure 5.7.  Examples of Ikonos imagery (4m pixel size) processed using a GLCM filter: a) 
Homogeneity (B4, 3 x 3 window, horizontal shift) and b) Entropy (B1, 13 x 13 window, vertical 
shift) 
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Figure 5.8.  Examples of SPOT 5 imagery (10m pixel size) processed using a GLCM filter: a) 
Second Moment (B1, 3 x 3 window, vertical shift) and b) Variance (B1, 3 x 3 window, vertical 
shift) 
 
5.4.5 Preliminary supervised classification of imagery 
 
A supervised image classification algorithm was used as an exploratory tool for this project.  
The classified images were used to explore the influence of temporal resolution and acquisition 
date on the achievable spectral differentiation between land cover classes (presented in Section 
9.3).  Supervised classification uses training data, representing the spectral reflectance 
signatures of land surface characteristics of interest, to allocate remaining unknown pixels to 
different categories.  Pixels that have known characteristics of interest are manually assembled 
as training data.  These training data are used to estimate statistical parameters for a pre-
determined number of classes (Tso and Mather 2001).  Parameters from the training data, such 
as mean, minimum and maximum spectral reflectance values, are used by algorithms to 
allocate the remaining pixels in an image into these classes (Mather 2004).   
 
A three class land cover classification was developed for each image (Ikonos and SPOT 5 
images), delineating areas of water, woody vegetation and agricultural land.  This classification 
process was completed for two sets of images: 
(a) the Ikonos image and the SPOT 5 image clipped to the spatial extent of the 
study area (Figure 5.2), and 
(b) the six SPOT scenes obtained across the Murray CMA area (Figure 5.3). 
 
For image set (a), the urban area mask, detailed above, was applied to both the Ikonos and 
SPOT 5 image prior to classification.  ROIs were used to create training areas for the 
supervised classification process.  ROIs were delineated using the ROI tool in ENVI 4.2® for 
agricultural land, woody vegetation and water.  The same training areas were used to classify 
both images.   
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Once training areas for the three categories of interest were delineated, a maximum likelihood 
algorithm was used to classify the images.  A maximum likelihood algorithm defines classes in 
feature space using equi-probability contours based on statistics derived from training data 
(Mather 2004).  The probability that a pixel belongs to a class is then calculated, with the pixel 
assigned to the class with the highest probability (Tso and Mather 2001).  For image set (b), no 
areas were masked prior to classification.  As the images covered different spatial areas, 
different sets of ROIs were delineated as training areas for each image.  A maximum likelihood 
algorithm was used to classify the six scenes.   
 
The classified images were used to evaluate the temporal influence on image classification.  
The results from image set (a) were used to examine the differences in land cover classification 
between images acquired several years apart.  This analysis was also used to assess the 
similarity between the Ikonos and SPOT 5 imagery used in this project, and identify any 
potential impacts on the results obtained from this work.  Results from image set (b) were used 
to examine the seasonal effect on land cover classification, as the SPOT 5 images were 
acquired across three different seasons (Spring, Summer and Autumn).  These analyses are 
presented in Section 9.3. 
 
5.5 Extraction of image statistics from processed imagery 
 
Pixel values from processed imagery, derived from areas corresponding to ground data sites, 
were compared to measured vegetation attributes to derive relationships between remotely 
sensed data and stand-level vegetation attributes.  To extract pixel values corresponding to 
ground data sites, ROIs were used.  ROIs are a tool used by ENVI 4.2® to analyse specific 
spatial subsets of an image.  Using ArcGIS® 9.2 and ET GeoWizards (Tchoukanski 2007), 
ROIs were created as shapefiles.   
 
ROIs were generated from pixel cluster dimensions ranging from a single pixel to a distance of 
70m, which corresponded with the window sizes used to derive texture measures (Table 5.7) 
and site dimensions used to collect ground data (see Section 6.2).  ROI dimensions used are 
detailed in Table 5.9.  The GPS waypoint taken in the centre of the ground data site (see 
Section 6.3.1) was used as the site centre, around which ROIs were generated. 
 
To generate ROIs that corresponded with whole pixels and to eliminate issues of sampling 
portions of pixels (see Section 3.5), the site centre locations recorded by GPS during ground 
data collection were aligned to the nearest pixel centre.  This was done by creating a shapefile 
containing centre points of all pixels in the remotely sensed data, using the Raster-to-Point 
function in ArcToolbox.  This process was undertaken separately for each image.  The nearest 
pixel centre to each ground site location was then selected.  An example of the shifted site 
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centre locations is shown in Figure 5.9.  This process aligned the remotely sensed data and 
ground data sampling extents. 
 
Table 5.9.  ROI dimensions used to extract image statistics 
 
Ikonos ROI dimensions SPOT 5 ROI dimensions 
4 x 4m - 
12 x 12m 10 x 10m 
20 x 20m 30 x 30m 
52 x 52m 50 x 50m 
68 x 68m 70 x 70m 
 
 
Figure 5.9.  Example of the shifted site centre locations to the nearest pixel centre for a) Ikonos 
imagery (4m pixel size) and b) SPOT 5 imagery (10m pixel size) 
 
The distance between the GPS original location and shifted location was always less than the 
10m GPS positional inaccuracy that was accommodated in the ground data sampling protocol 
development (see Section 3.4 and 6.3.1).  The nearest pixel centre was also always located in 
the same pixel that the original GPS location was situated in, so the image pixels that were 
included in a site sample were not altered.  As the two sources of remotely sensed imagery had 
different spatial resolutions, the pixel positions for the two data sets did not align accurately.  
Consequently the site centre locations for the Ikonos and SPOT 5 imagery are slightly different.  
However, as the pixel cluster dimensions still overlap and form a nested structure, and the ROIs 
are contained within the 70 x 70m field site structure (see Section 6.2.2), the slight positional 
changes in site centre locations were not considered an issue.  Figure 5.10 shows an example 
of the locations of the ROIs generated with respect to the original field GPS location and the 
field site extent. 
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Figure 5.10.  Example of the location of the four ROIs generated to extract pixel values and their 
location with respect to the GPS location taken in the field 
 
The horizontal alignment of plots also created issues with sampling portions of pixels rather than 
whole single pixels.  In most cases, the plots (and therefore sites) sampled in the field were 
aligned east-west to allow sites to be aligned with the regular grids of remotely sensed data.  
However, as ground data from a number of different sources were used in this study, this was 
not always the case.  ROIs were created to horizontally align in an east-west direction.  This 
ensured that the core pixel cluster of 9 or 25 pixels was sampled, removing outlying pixels from 
the sample.   
 
As ground data sites were buffered by 10m in the field, the removal of these outlying pixels did 
not affect the intended pixel cluster sample, and the effective pixel sample remained the same.  
This illustrates how pixel clusters and site buffers can be used to reduce the influence of 
positional inaccuracy of spatial data (see Sections 3.4 and 3.5).  The effect of shifting the 
alignment of the ROIs is shown in Figure 5.11. 
 
To generate shapefiles of pixel clusters, the ET GeoWizards Points to Rectangles function was 
used.  These shapefiles were then imported into ENVI 4.2® as vector layers.  The vector layers 
were then converted to ROIs, using the site identification number allocated during ground data 
collection as the unique ROI identification number.  This allowed image pixels extracted using 
the ROIs to be directly linked to the relevant site information and ground data statistics.  Pixel 
values for each site were then saved to a text file using the rois_to_csv script written for IDL 
6.2® (Greenberg 2006).   Pixel values were then used to generate statistics for each site, 
including a range of spectral and image texture measures, which were used in further analyses 
(see Chapters 7 - 9). 
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Figure 5.11.  Example of an ROI created using a) the original plot horizontal alignment and b) 
an east-west plot horizontal alignment.  The same core pixels are included in each ROI 
 
5.6 Conclusion 
 
Data from two operational multi-spectral sensors were used in this study: SPOT 5 and Ikonos.  
These sensors were chosen as they were considered to provide appropriate data for landscape 
scale assessments of vegetation and were available over the study area.  Both of these sensors 
have different spatial, spectral, temporal and radiometric resolutions.  These sensor 
characteristics influence the data recorded by each sensor and affect associations between 
remotely sensed data and attributes of interest, as documented in Chapter 9.  Prior to image 
processing, the images were geometrically corrected and converted to radiance values (see 
Section 5.3).   
 
There are a large number of image processing techniques that can be used to derive 
information from remotely sensed data.  A selected number of these techniques were used to 
investigate their potential utility for the assessment of vegetation condition.  Image processing 
undertaken in this study includes (1) the calculation of image spatial statistics, (2) the calculation 
of a grey-level co-occurrence matrix and associated statistics, (3) the calculation of several 
vegetation indices, and (4) a supervised classification of the imagery (see Section 5.4).  These 
provide information on the spatial and spectral characteristics of the imagery.  The utility of 
different combinations of these variables for the assessment of vegetation condition is a key 
focus of this thesis and is explored in Chapters 7 - 9.   
 
Image statistics were extracted from the remotely sensed data for known spatial areas that 
corresponded with the ground data site locations.  Within these ground data site locations a 
wide range of vegetation attributes were sampled on the ground.  The methods used to sample 
vegetation attributes on the ground are presented in the following chapter. 
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6 A vegetation field data collection protocol for remote sensing applications 
 
6.1 Introduction 
 
This chapter documents the development of a ground data collection protocol which is used to 
measure vegetation attribute information at the site scale and represents a source of validation 
data for remotely sensed data products.  The ability of remotely sensed data to provide 
measures of vegetation condition at a regional scale that are consistent with those measured at 
a stand-level strongly depends on the sampling scheme used to collect ground data (Townsend 
and Walsh 2001, McCoy 2005, Reinke and Jones 2006).  An outline of the chapter structure is 
given in Figure 6.1.   
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Figure 6.1.  Outline of Chapter 6 
 
The development of this ground data collection protocol addressed three key areas: 
1. Definition of an appropriate sampling unit, based on the spatial resolution of 
remotely sensed imagery used in this project (Section 6.2),  
2. Determination of a methodology to sample a suite of vegetation variables within the 
defined sampling unit at an appropriate spatial scale (Section 6.3), and 
3. Consideration of key ground data collection issues reviewed in Chapter 3. 
 
The work presented in this chapter provides an analysis of RQ 1:  
How can existing site-based vegetation assessment methodologies be adapted to provide 
adequate ground data for vegetation condition predictions using operational multi-spectral 
remote sensing platforms? 
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6.2 Determining the dimensions of the field site 
 
Field sites were used as a sampling unit for this project.  As vegetation attributes are often used 
as surrogate measures of vegetation condition (see Section 2.3.1), a number of these were 
measured by assessing multiple plots and transects within a field site.  The vegetation attributes 
considered, and the methods used to assess them, follow published vegetation condition 
assessment methodologies used in south-eastern Australia (see Sections 1.1 and 2.3.1).   
 
The field site structure is determined by the spatial resolution of the imagery used in this project: 
Ikonos and SPOT 5.  Due to the variable spatial resolution of these two sensors, a nested 
sampling approach was used, building on pixel clusters previously used as ROIs and image 
processing window sizes (see Sections 5.4 and 5.5).  This type of nested sampling approach 
has been used in other approaches, such as the BigFoot calibration and validation program 
(Campbell et al. 1999), as reviewed in Section 3.2.  Each site assessment provides one ground 
sample point for use in further analysis. 
 
6.2.1 Spatial structure of the remotely sensed data 
 
Spatial resolution is a fundamental property of remotely sensed imagery (see Section 3.2).  
There is a need to assess the most appropriate spatial resolution for measuring a specific 
vegetation attribute and conversely to determine what attributes can be derived from available 
imagery.  This necessitates an understanding of the spatial structure of the remotely sensed 
imagery to be used, particularly in terms of the relationship between the spatial resolution of the 
imagery and the size of objects within a study area (Woodcock and Strahler 1987, Curran 1988, 
Woodcock et al. 1988a, Marceau et al. 1994a).  The geostatistical properties of remotely sensed 
data can provide a basis for the selection of ground validation sites, and the methods used to 
characterise features on the ground (Campbell et al. 1999, Milne and Cohen 1999, Morisette et 
al. 2003).   
 
Here, semivariograms (as reviewed in Sections 2.2.2 and 5.4.3) and their associated features 
are used to determine key spatial scales of interest and guide the development of a ground 
sample protocol.  The global semivariance of each image was calculated for a range of lag 
values, up to a distance of 100m.  These values were used to construct semivariograms for the 
Ikonos and SPOT 5 multi-spectral imagery used in this project.  Lag values greater than 100m 
were not calculated as they represented spatial scales above which site assessments of 
vegetation attributes could not feasibly be conducted, and were therefore not of interest when 
developing a ground data collection protocol for this project.  For the purposes of constructing a 
ground sampling methodology, vegetative land cover was the primary interest.  Therefore, 
urban areas were excluded from semivariance calculations, using the urban mask documented 
in Section 5.4.1.  This provided an illustration of the spatial characteristics of the vegetated land 
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surface in the study area.  The semivariograms derived from the Ikonos and SPOT 5 imagery as 
shown in Figure 6.2 and Figure 6.3 respectively. 
 
Semivariance was calculated for individual image bands.  Different bands are related to different 
portions of the EMS, and contain information about different aspects of vegetation physiology 
and structure (see Section 2.2.1).  For both sensors, spectral reflectance in the NIR portion of 
the electromagnetic spectrum exhibited higher values of semivariance, and spectral reflectance 
recorded in the red and green portions of the electromagnetic spectrum showing the next 
highest values of semivariance (Figure 6.2 and Figure 6.3).  There are slight differences in the 
semivariograms derived for the two sensors, due principally to the spectral and spatial 
differences between the sensors (see Section 5.2.2). 
 
Vegetation spectral reflectance is characterised by lower reflectance in the visible section of the 
electromagnetic spectrum and high reflectance of NIR wavelengths (see Section 2.2.1).  NIR 
reflectance is related to leaf structure and levels of green vegetative biomass (Nagendra 2001), 
while green and red reflectance is related to chlorophyll production in vegetative leaves (Jensen 
2000, Mather 2004).  As both images used in this project comprise largely of vegetated land 
cover, the dominance of green, red and NIR reflectance is expected.  Blue and SWIR spectral 
bands had the lowest levels of semivariance in Ikonos and SPOT 5 imagery respectively. 
 
The images used in this project consist of largely agricultural landscapes that contain a number 
of different size classes of image objects, such as individual trees, small remnant patches of 
vegetation, riparian vegetation features, agricultural paddocks and larger areas of reserved 
native vegetation (see Section 4.2).  A key aim of this research was to identify fundamental 
spatial resolutions that were most appropriate for the assessment of vegetation attributes linked 
to native vegetation condition assessment methodologies such as BioMetric (see Section 1.1).   
 
There are a number of features that are used to interpret the information contained within a 
semivariogram (see Section 5.4.3).  The sill is the value at which the maximum semivariance 
value is reached (Curran 1988, Woodcock et al. 1988a), and represents the amount of variation 
explained by the nugget effect and the spatial structure of the imagery (Zawadzki et al. 2005).   
 
The nugget variance is the variance that exists in the sample at a lag distance of zero, which, in 
the case of remotely sensed data, is equivalent to the pixel size.  As semivariance is calculated 
for lag values ≤ 1, the nugget variance is derived by extending the semivariogram to a lag of 
zero (McCloy 2006).  Nugget variance represents spatially independent variance, and can be 
caused by factors such as measurement error, atmospheric effects, and processing of imagery 
post acquisition (Curran 1988, Woodcock et al. 1988b).  A peak in semivariance occurs when 
image objects and spatial resolution are approximately the same size and adjacent pixels are 
therefore less likely to be similar to each other (Woodcock and Strahler 1987). 
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Figure 6.2.  Average and individual band semivariograms for Ikonos imagery (excluding urban 
areas), derived from global semivariance calculations 
 
 
 
 
Figure 6.3.  Average and individual band semivariograms for SPOT 5 imagery (excluding urban 
areas), derived from global semivariance calculations 
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The distance at which the sill is reached is known as the range (Woodcock et al. 1988b), and 
represents the spatial resolution above which image objects are considered spatially 
independent (Woodcock et al. 1988a).  The range is related to the size of image objects as 
these contribute to the spatial structure of the image, and spatial dependence of pixels 
(Woodcock et al. 1988a, Song and Woodcock 2002, Zawadzki et al. 2005).  As the range of a 
semivariogram indicates the distance above which pixels are spatially independent, the range 
can be used to determine an optimal spatial resolution for analysis of a particular landscape, 
appropriate ground sample dimensions, or an appropriate pixel window size for calculation of 
further textural features (Curran 1988, Zawadzki et al. 2005, Johansen et al. 2007).  Breaks in 
the slope of a semivariogram are associated with changes of dominant image object size 
groups (Woodcock et al. 1988a), and significant changes in the slope of the semivariogram can 
also be used to identify changes in the spatial autocorrelation of image pixels (Johansen et al. 
2007).   
 
A sill is approached at distances (range) of approximately 50m, although the sill is less well 
defined from SPOT 5 data (Figure 6.3) compared to Ikonos data (Figure 6.2).  For both sources 
of imagery, there is an initial rapid increase in semivariance below a distance of approximately 
50m for all bands from both images, after which semivariance increases at a more gradual rate. 
The slope of the curve suggests that there is a high variability of image object size at distances 
below 50m, after which there is slightly less spatial variability within the image (Woodcock et al. 
1988b, Merino de Miguel 2000). 
 
These features suggest that ground data collected in plots larger than 50m x 50m would provide 
little additional information compared with smaller plots.  Ground data collection for this project 
was designed to allow vegetation attributes to be measured at multiple spatial resolutions below 
50m x 50m, facilitating an analysis of spatial scale issues at distances where there is greater 
variability in image object size. 
 
An alternative measure of spatial structure and autocorrelation measured across an image at 
varying distances (lags) is the Moran’s I statistic.  Details of the image processing used to 
calculate Moran’s I for this study are given in Section 5.4.3.  Moran’s I values range from +1 to -
1, with +1 indicating a perfect positive correlation, or clumped distribution and 0 suggesting a 
random distribution of image objects (Emerson et al. 2005).  Sampling ground data within an 
area corresponding to the correlogram range ensures that statistically independent areas are 
sampled, reducing the influence of spatial autocorrelation (Milne and Cohen 1999).   
 
Correlograms derived from Ikonos and SPOT 5 imagery are shown in Figure 6.4 and Figure 6.5 
respectively.  Both correlograms show high levels of spatial autocorrelation at distances less 
than 50m, with little or no reduction in spatial autocorrelation at distances greater to 50m.  
These results support the conclusions established using semivariance values for the two 
images, suggesting that a ground sample size of approximately 50m x 50m is appropriate for 
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this landscape.  Field site location was also designed to guarantee that sites were located at 
distances greater than 50m from each other to ensure the areas sampled were not affected by 
spatial autocorrelation. 
 
 
Figure 6.4.  Average and individual band correlograms of the Moran’s I statistic, derived from 
Ikonos imagery (excluding urban areas) 
 
 
Figure 6.5.  Average and individual band correlograms of the Moran’s I statistic, derived from 
SPOT 5 imagery (excluding urban areas) 
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6.2.2 Spatial structure of a field site 
 
The field site structure was based on the spatial resolution of the two sources of remotely 
sensed imagery used in this project.  Semivariograms and Moran’s I spatial autocorrelation 
measures were used to examine the underlying spatial properties of the remotely sensed 
imagery used.  This analysis, outlined above, identified distances below 50m as key spatial 
resolutions of interest for this study.  The spatial structure of a field site was designed to allow 
areas within a 50m x 50m area to be sampled, based on the spatial resolution of the Ikonos and 
SPOT 5 imagery.  This resulted in a nested field site design. 
 
Pixel clusters (discussed in Section 3.4), rather than individual image pixels, were used to 
construct the nested field site design.  The use of pixel clusters as sampling units is a common 
approach in remote sensing studies (Stehman and Czaplewski 1998, Lefsky et al. 1999, Means 
et al. 1999, Golevitch et al. 2002, Nusser and Klaas 2003).  McCoy (2005) recommends the use 
of a 3 x 3 pixel cluster as a minimum area for ground data collection for remote sensing 
projects.  Ground sample areas corresponding with pixel clusters greater than 5 x 5 are 
considered to provide a less efficient sample in terms of information provided and resources 
spent (Nusser and Klaas 2003, McCoy 2005, Campbell 2007). 
 
Pixel clusters are used rather than individual pixels to allow for potential positional inaccuracies 
arising from both the geometric accuracy of the remotely sensed imagery and the positional 
accuracy of the GPS unit used to locate the field sites (see Section 3.4 and 5.5).  The use of 
pixel clusters as a sampling unit also reduces the influence of spatial autocorrelation within the 
sample.  The field site structure used for this study was based on pixel clusters of 3 x 3 and 5 x 
5 pixels.   
 
The field site structure was designed to allow the effects of spatial scale between sources of 
project data to be investigated.  The pixel cluster dimensions integrated in the field site structure 
are given in Table 6.1.  This resulted in a nested site structure, as shown in Figure 6.6.  The use 
of both 3 x 3 and 5 x 5 pixel cluster dimensions allowed a number of different spatial sampling 
areas to be used during image analysis, up to a dimension of 50m x 50m, corresponding with 
the spatial resolutions of interest identified in 6.2.1.  The advantages of this type of approach 
include:  
− the ability to assess multiple spatial scales simultaneously which supports the investigation 
of the inherent spatial grain of a study area,  
− the ability to assess methods of data aggregation and scaling, and  
− the ability to derive spatial relationships between variables (Davidson and Csillag 2001, 
Fischer et al. 2004). 
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The use of pixel clusters to sample remotely sensed data addresses two key spatial data 
issues: (1) the need to sample homogenous areas (see Section 3.5), and (2) the need to allow 
for potential positional inaccuracies (see Section 3.4).  To ensure field sites were located in 
homogenous areas, of vegetation and to reduce the potential influence of edge areas, the field 
sites were buffered by 20m.  This also allowed for potential positional inaccuracies of up to 10m 
for the handheld GPS unit used to locate field sites, and a further 10m, which is the largest pixel 
size (SPOT 5), thus allowing for image geometric inaccuracies (see Section 5.5).  Samples 
taken within homogenous areas are less likely to be negatively affected by positional inaccuracy 
issues (McCoy 2005).  Buffering of field sites resulted in site dimensions of 70m x 70m (0.49ha).  
This allowed a core area of 50m x 50m to be used as a field site assessment, and smaller areas 
within this field site structure to be assessed. 
 
The nested field site structure, as shown in Figure 6.6, was used to (1) locate plot assessments 
used to measure vegetation attributes (see Section 6.3.1), and (2) to extract image statistics 
(see Section 5.5). 
 
Table 6.1.  Spatial resolution information for remote sensing platforms and their associated pixel 
cluster dimensions used as sampling units in this project 
 
Sensor Spatial resolution Pixel cluster Cluster dimensions 
Ikonos  4m 3 x 3 12m x 12m 
Ikonos  4m 5 x 5 20m x 20m 
SPOT 5  10m 3 x 3  30m x 30m 
SPOT 5  10m 5 x 5  50m x 50m 
 
Ikonos 3 x 3 pixel cluster
(12m x 12m)
Site spatial extent 
(70 m x 70m)
SPOT 5 3 x 3 pixel cluster
(30m x 30m)
SPOT 5 5 x 5 pixel cluster
(50m x 50m)
Ikonos 5 x 5pixel cluster
(20m x 20m)
 
Figure 6.6.  Site structure illustrating the nested sampling spatial arrangement of pixel clusters 
within the site extent 
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6.3 Measurement of stand-level vegetation attributes within a field site 
 
Within the nested spatial arrangement of the field site, plots and transects were established to 
collect ground data measurements.  For remote sensing projects it is necessary to collect 
information that can be used to represent one or more image pixels (Stehman and Czaplewski 
1998, Nagendra 2001, McCoy 2005, Weber et al. 2008).  Across each site, a number of plots 
were assessed to obtain a mean estimation of native vegetation attributes within a given spatial 
area.   
 
The ground data collection methodology used in this study builds on a current native vegetation 
condition assessment methodology that is used in the study area.  Designing the ground data 
collection methodology for use with remotely sensed analysis, while also facilitating integration 
with existing vegetation survey work in the study area, helps to explore how the two disciplines 
can be incorporated into an effective native vegetation assessment framework: an important 
area of work for monitoring and reporting purposes (Lee et al. 2003). 
 
6.3.1 Vegetation sampling approach 
 
To measure vegetation attributes at each site, 0.1ha plot assessments were used.  The 
structure and layout of each plot assessment is based on the BioMetric vegetation condition site 
assessment methodology (Gibbons et al. 2005, Gibbons et al. 2009).  This methodology is 
widely used throughout NSW, Australia.  Each plot is defined as a 20m x 50m area (0.1ha).  
Within each plot, three sampling units are used to measure different vegetation attributes: a 
50m transect, a 20 x 20m quadrat, and a 50m x 20m quadrat.  Details of the methodology used 
to record each vegetation attribute are given in 6.3.3.  The layout of the plots and transects is 
shown in Figure 6.7, including the two locations of GPS points taken during field work to locate 
the field sites during later analyses. 
 
GPS Point
20m x 20m quadrat20m x 50m quadrat
50m transect
 
Figure 6.7.  Plot layout, detailing the three sampling units used to record vegetation attributes, 
and the location of GPS points taken during fieldwork (adapted from Gibbons et al (2005)) 
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The plot size used to collect ground data needs to consider both the minimum sampling unit 
suitable for the imagery (see Section 6.2) and the minimum sampling unit suitable for the 
variable of interest (Brogaard and Ólafsdóttir 1997, Reinke and Jones 2006).  To aid in the 
development of an effective sampling strategy, a small pilot study using eight sites was 
undertaken.  When using multiple measurements across a site, a pilot study can be used to 
determine appropriate number of samples to be taken to achieve a given degree of accuracy 
(Brogaard and Ólafsdóttir 1997).  Data from the pilot study conducted for this project were 
analysed in terms of the percentage of the site area sampled, and changes in mean and 
interquartile range of vegetation attributes measured. 
 
Three plots were assessed at each site to determine an appropriate sampling intensity at each 
site.  The site was defined as a 70 x 70m area, incorporating a 20m buffer around the core site 
area of 50m x 50m, within which vegetation attribute measurements were taken (Figure 6.6).  
For attributes measured using a 20m x 50m plot, three plot assessments provided a total 
sample of the site area, two plot assessments covered up to approximately 80% of the site area, 
and one plot assessment covered up to approximately 40% of the site area (Table 6.2).  This 
meant that the use of two plots within a field site provided a total sample for all but one pixel 
cluster dimension. 
 
Table 6.2.  Percentage area of the pixel clusters used to construct the field site structure that 
are sampled using multiple plot assessments 
 
Percentage of cluster area sampled using 0.1ha 
plot assessments Sensor Pixel Cluster 
Cluster 
area (m2) 1 plot  2 plots 3 plots 
Ikonos 1 x 1 16 100 100 100 
Ikonos 3 x 3 144 100 100 100 
Ikonos 5 x 5 400 100 100 100 
SPOT 5 1 x 1 100 100 100 100 
SPOT 5 3 x 3 900 100 100 100 
SPOT 5 5 x 5 2500 40 80 100 
 
The mean value of each vegetation attribute across the eight sites was calculated, from site 
estimates calculated using data from one, two and three plot assessments.  In general, the 
addition of plot assessments did not substantially change the mean estimated value of the 
vegetation attribute.  For example, the average mean estimated value of canopy cover across 
the eight sites was 16.8% using one plot assessment, 14.8% using two plot assessments and 
15.4% using three plot assessments.  The average mean estimated value of stem density 
across the eight sites was 15.2 stems 0.1ha-1 using one plot assessment, 13.4 stems 0.1ha-1 
using two plot assessments and 13.8 stems 0.1ha-1 using three plot assessments.  The small 
amounts of variation in average estimated mean values across all sites are illustrated in Figure 
6.8 and Figure 6.9.   
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While the mean attribute value measured across the eight sites did not substantially change 
when additional plot measurements were considered, the interquartile range of the data did.  
The interquartile range represents the range of the middle 50% of the data.  As illustrated in 
Figure 6.8, the interquartile range for canopy cover increased when two plot measurements 
were considered rather than one.   
 
The standard deviation of these data also increased in the same fashion.  There was little 
difference observed between measurements derived from two and three plots.  This suggests 
that a greater variation of values was captured using multiple plot assessments, and the internal 
variability within the site was also captured by the field data.  However, this pattern was not 
present in data for all attributes.  As shown in Figure 6.9, there was little difference in the 
calculated interquartile range of live stem density using one, two or three plot assessments. 
 
Some vegetation attributes, such as fallen logs, showed much higher variability within sites.  
However, the assessment of two plots at each site was considered adequate due to the 
proportion of the site sampled and the minimal difference in mean and interquartile range 
observed when more than two plots were measured for most vegetation attributes. 
 
 
 
Figure 6.8.  Box plots showing the mean, interquartile range, and outliers for canopy per cent 
foliage cover (%) for all eight sites, calculated using between one and three plot assessments 
across each site 
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Figure 6.9.  Box plots showing the mean, interquartile range and outliers for stem density 
(0.1ha-1) for all eight sites, calculated using between one and three plot assessments across 
each site 
 
The field site layout, including positions of plot assessments within the site, is shown in Figure 
6.10.  The initial plot assessment was aligned so that its centre corresponded with the centre of 
the field site.  The secondary plot assessment was located to the north of the initial plot 
assessment.   
 
Site spatial extent 
(70m x 70m)
Site centre and 
centre of initial 
plot  assessment
Initial Plot Assessment
Secondary Plot Assessment
Pixel cluster extent
 
 
Figure 6.10.  Field site layout, illustrating locations of plot assessments with reference to 
approximate pixel cluster locations 
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6.3.2 Stand-level vegetation attributes 
 
For this project a comprehensive suite of vegetation attributes was measured at each site.  A 
number of native vegetation condition assessment methodologies have been developed for use 
within Australia (see Section 1.1), which incorporate a number of different vegetation attributes 
as surrogate measures of vegetation condition.  There are many different surrogate measures 
suggested throughout the literature, with little consensus on a standard suite of variables.  
Vegetation attributes used as surrogate measures for vegetation condition typically have strong 
associations with a range of taxa or ecological functions, are relatively easy to measure, and are 
relevant to policy or management objectives (see Section 2.3.1) (Noss 1990, Saunders et al. 
1998, Andreasen et al. 2001, Dale and Beyeler 2001, McElhinny et al. 2005).   
 
Vegetation attributes recorded during ground data collection represented compositional, 
functional and structural components of native vegetation (sensu Noss (1990)).  Vegetation 
attributes assessed during ground data collection for this project are listed in Table 6.3.  Current 
Australian site-based vegetation condition assessment methodologies which include the 
vegetation attributes used in this research are also listed in Table 6.3, illustrating linkages 
between this work and vegetation condition assessment work conducted at the site scale, which 
was an important consideration for this study.  This enabled existing vegetation condition 
metrics to be constructed and deconstructed as required. Methods used to measure each 
vegetation attribute are described in Section 6.3.3. 
 
In addition to plot assessments, individual trees were also assessed throughout the study area.  
The BioMetric vegetation condition assessment methodology utilises individual tree 
assessments where the canopy cover is sparse and the plot assessment methodology is 
considered inappropriate (Gibbons et al. 2005).   
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Table 6.3.  Vegetation attributes recorded at a plot level and their use in current vegetation 
condition assessment methodologies 
 
 
Vegetation 
attribute 
Current Australian site-based vegetation condition 
assessment methodologies and studies using this attribute 
Canopy cover - Habitat Hectares (Parkes et al. 2003) 
- BioMetric (Gibbons et al. 2005) 
- BioCondition (Eyre et al. 2006) 
- RARC (Jansen et al. 2004) 
- Attributes for biodiversity benchmarks (Oliver et al. 2007) 
- TasCondition (Michaels 2006) 
- Habitat complexity score (Coops and Catling 1997) 
Midstorey 
cover 
- Habitat Hectares (Parkes et al. 2003) 
- BioMetric (Gibbons et al. 2005) 
- RARC (Jansen et al. 2004) 
- Stand structural complexity index (McElhinny et al. 2006) 
- TasCondition (Michaels 2006) 
Shrub cover - Habitat Hectares (Parkes et al. 2003) 
- BioMetric (Gibbons et al. 2005) 
- BioCondition (Eyre et al. 2006) 
- RARC (Jansen et al. 2004) 
- Stand structural complexity index (McElhinny et al. 2006) 
- Attributes for biodiversity benchmarks (Oliver et al. 2007) 
- TasCondition (Michaels 2006) 
- Habitat complexity score (Coops and Catling 1997) 
Grass cover - Habitat Hectares (Parkes et al. 2003) 
- BioMetric (Gibbons et al. 2005) 
- BioCondition (Eyre et al. 2006) 
- Forest condition assessment (Eyre et al. 2002) 
- RARC (Jansen et al. 2004) 
- Stand structural complexity index (McElhinny et al. 2006) 
- Attributes for biodiversity benchmarks (Oliver et al. 2007) 
- TasCondition (Michaels 2006) 
- Habitat complexity score (Coops and Catling 1997) 
Other ground 
species cover 
- Habitat Hectares (Parkes et al. 2003) 
- BioMetric (Gibbons et al. 2005) 
- BioCondition (Eyre et al. 2006) 
- Forest condition assessment (Eyre et al. 2002) 
- RARC (Jansen et al. 2004) 
- Stand structural complexity index (McElhinny et al. 2006) 
- TasCondition (Michaels 2006) 
- Habitat complexity score (Coops and Catling 1997) 
Organic litter 
cover 
- Habitat Hectares (Parkes et al. 2003) 
- BioCondition (Eyre et al. 2006) 
- Forest condition assessment (Eyre et al. 2002) 
- RARC (Jansen et al. 2004) 
- Stand structural complexity index (McElhinny et al. 2006) 
- Attributes for biodiversity benchmarks (Oliver et al. 2007) 
- TasCondition (Michaels 2006) 
- Habitat complexity score (Coops and Catling 1997) 
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Exotic species 
cover 
- Habitat Hectares (Parkes et al. 2003) 
- BioMetric (Gibbons et al. 2005) 
- BioCondition (Eyre et al. 2006) 
- Attributes for biodiversity benchmarks (Oliver et al. 2007) 
- NRM funding decision trees (Jenkins et al. 2000) 
- TasCondition (Michaels 2006) 
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Vegetation 
attribute 
Current Australian site-based vegetation condition 
assessment methodologies and studies using this attribute 
Bare ground - Forest condition assessment (Eyre et al. 2002) 
Exposed rock - Forest condition assessment (Eyre et al. 2002) 
- Habitat complexity score (Coops and Catling 1997) 
Trees with 
hollows 
- BioMetric (Gibbons et al. 2005) 
- Forest condition assessment (Eyre et al. 2002) 
- Stand structural complexity index (McElhinny et al. 2006) 
Cut stumps - Forest condition assessment (Eyre et al. 2002) 
Dead trees - Forest condition assessment (Eyre et al. 2002) 
- RARC (Jansen et al. 2004) 
- Stand structural complexity index (McElhinny et al. 2006) 
Fallen logs - Habitat Hectares (Parkes et al. 2003) 
- BioMetric (Gibbons et al. 2005) 
- BioCondition (Eyre et al. 2006) 
- Forest condition assessment (Eyre et al. 2002) 
- RARC (Jansen et al. 2004) 
- Stand structural complexity index (McElhinny et al. 2006) 
- TasCondition (Michaels 2006) 
- Habitat complexity score (Coops and Catling 1997) St
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Live tree stems - Habitat Hectares (Parkes et al. 2003) 
- BioMetric (Gibbons et al. 2005) 
- BioCondition (Eyre et al. 2006) 
- Forest condition assessment (Eyre et al. 2002) 
- Stand structural complexity index (McElhinny et al. 2006) 
- TasCondition (Michaels 2006) 
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Native species 
richness 
- BioMetric (Gibbons et al. 2005) 
- BioCondition (Eyre et al. 2006) 
- RARC (Jansen et al. 2004) 
- Stand structural complexity index (McElhinny et al. 2006) 
- Attributes for biodiversity benchmarks (Oliver et al. 2007) 
- TasCondition (Michaels 2006) 
 
Canopy health - Habitat Hectares (Parkes et al. 2003) 
- Attributes for biodiversity benchmarks (Oliver et al. 2007) 
- NRM funding decision trees (Jenkins et al. 2000) 
- TasCondition (Michaels 2006) 
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Canopy 
species 
regeneration 
- Habitat Hectares (Parkes et al. 2003) 
- BioMetric (Gibbons et al. 2005) 
- BioCondition (Eyre et al. 2006) 
- RARC (Jansen et al. 2004) 
- Attributes for biodiversity benchmarks (Oliver et al. 2007) 
- NRM funding decision trees (Jenkins et al. 2000) 
-TasCondition (Michaels 2006) 
 
6.3.3 Measurement of individual stand-level vegetation attributes 
 
There are many different methodologies used to assess individual stand-level vegetation 
attributes.  Within the context of native vegetation condition, assessing individual vegetation 
attributes can essentially become a comparative exercise, as vegetation is frequently assessed 
with respect to a benchmark or reference condition state.  This approach is widely used to 
assess and monitor vegetation, and is a common feature of vegetation condition assessment 
methods used throughout Australia and internationally (Eyre et al. 2002, Oliver 2002, Parkes et 
al. 2003, Gibbons et al. 2005, Michaels 2006, Oliver et al. 2007, Gibbons et al. 2008).  
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Benchmark conditions of native vegetation can provide valuable information about the effects of 
disturbance on vegetation and provide information to guide appropriate management of 
vegetation, in addition to informing the assessment of vegetation condition (Landres et al. 1999, 
Parkes and Lyon 2006). 
 
Defining a vegetation benchmark condition state can identify a reference for vegetation 
attributes that is considered to represent the natural variability of condition, identify a reference 
for vegetation attributes that is related to particular land uses, or specify targets for vegetation 
restoration (White and Walker 1997, ESCAVI 2003, Ruiz-Jaen and Aide 2005).  Benchmarks 
can be defined in terms of either single values or a range of attribute values, thus 
accommodating natural variability of vegetation (Parkes and Lyon 2006, Oliver et al. 2007), 
which is an important aspect of vegetation contributing to a system’s resilience in the event of 
disturbance (Parsons et al. 1999).   
 
However, the use of benchmarks to assess vegetation attributes limits the amount of 
information that is recorded, and the ability to manipulate the data in further analyses.  This 
reduces the precision and accuracy of the measurements taken, which is an important 
consideration when the information is then used to derive relationships with remotely sensed 
variables.  The attributes collected during fieldwork and the types of measurements used to 
record attributes are important considerations for the legacy of the ground data.  Section 3.7 
provides more information on data legacy considerations, while the implications of different 
approaches to attribute measurement are considered in Section 3.6.   
 
Vegetation measurements for this project were recorded as quantitative continuous 
measurements, and not assessed with reference to benchmarks.  By collecting the ground data 
in this way, it could be re-scaled and compiled to yield information at different spatial scales.  
Furthermore, measuring quantitative continuous measurements allowed comparisons with 
published benchmark conditions to be undertaken at a later stage, and supports the use of the 
data for other applications (e.g. species habitat models). 
 
To record vegetation attributes, one or two plot assessments were used within the field site as 
described in Sections 6.2.2 and 6.3.1.  As shown in Figure 6.7, three sampling units were used 
to measure vegetation attributes within a plot assessment: a 50m transect, a 20m x 20m 
quadrat, and a 50m x 20m quadrat.  The sampling unit and methodology used to assess each 
vegetation attribute are listed in Table 6.4.   
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Table 6.4.  Sampling unit and methodology used to assess vegetation attributes 
 
Vegetation attribute Sampling unit Assessment methodology 
Canopy cover 50m transect 
Canopy health 50m transect 
Midstorey cover 50m transect 
Canopy cover was assessed as the tallest 
vegetation stratum present at a site.  Midstorey 
cover included cover taller than 1m in height but 
below the canopy layer, including regenerating 
canopy species.  These attributes were 
assessed using two approaches: 
 
(1) The presence/absence of each stratum was 
recorded at 10 points (every 5m) along the 50m 
transect.  Per cent crown cover was calculated 
as the total number of ‘hits’ or presences divided 
by the total number of points measured. 
 
(2) The percentage cover/health was estimated 
at 10 intervals (5m) along the 50m transect, 
using photographic guides (supplied in Appendix 
1).  The average per cent foliage cover was 
calculated from these measurements.   
Shrub cover 50m transect 
Grass cover 50m transect 
Other ground species 
cover 
50m transect 
These understorey components included all 
native vegetation below 1m in height.  They 
were assessed in groups of different life form.  
The presence/absence of each stratum was 
recorded at 50 points (every 1m) along the 50m 
transect.  Per cent cover was calculated as the 
total number of ‘hits’ or presences divided by the 
total number of points measured. 
Midstorey, shrub and 
other ground species 
cover 
50m transect The cover of this composite cover attribute was 
assessed as the presence or absence of any of 
these understorey components.  The 
presence/absence of any of these strata were 
recorded at 50 points (every 1m) along the 50m 
transect.  Per cent cover was calculated as the 
total number of ‘hits’ or presences divided by the 
total number of points measured. 
Exotic cover 50m transect The cover of non-native plants was assessed as 
exotic cover.  The presence/absence of exotic 
cover was recorded at 50 points (every 1m) 
along the 50m transect.  Per cent cover was 
calculated as the total number of ‘hits’ or 
presences divided by the total number of points 
measured. 
Organic litter cover 50m transect The cover of organic litter was assessed as 
fallen debris (excluding logs).  The 
presence/absence of litter cover was recorded at 
50 points (every 1m) along the 50m transect.  
Per cent cover was calculated as the total 
number of ‘hits’ or presences divided by the total 
number of points measured. 
Bare ground 50m transect The cover of bare ground was assessed as the 
presence of bare ground (exposed soil).  The 
presence/absence of bare ground was recorded 
at 50 points (every 1m) along the 50m transect.  
 - 107 - 
Vegetation attribute Sampling unit Assessment methodology 
Per cent cover was calculated as the total 
number of ‘hits’ or presences divided by the total 
number of points measured. 
Exposed rock 50m transect The cover of exposed rock was assessed as the 
presence of rocky outcrops.  The 
presence/absence of exposed rock was 
recorded at 50 points (every 1m) along the 50m 
transect.  Per cent cover was calculated as the 
total number of ‘hits’ or presences divided by the 
total number of points measured. 
Regeneration 20m x 50m 
quadrat 
Regeneration was measured as the proportion 
of canopy species present in the quadrat that 
were regenerating.  Tree stems with a DBH ≤ 
5cm were considered as evidence of 
regeneration.  The density of stems with a DBH 
≤ 5cm was also measured as an alternative 
measure of regeneration. 
Trees with Hollows 20m x 50m 
quadrat 
The number of trees present that had at least 
one hollow was recorded.  Hollows were 
included if they had a minimum entrance width 
of at least 5cm, had visible depth and were at 
least 1m above the ground. 
Cut stumps 20m x 50m 
quadrat 
The number of cut stumps in each quadrat was 
recorded. 
Dead trees 20m x 50m 
quadrat 
The number of dead trees in each quadrat was 
recorded. 
Log length and 
diameter 
20m x 50m 
quadrat 
The length and diameter of each log in the 
quadrat was recorded.  The diameter of the log 
was measured in the middle section of the log.  
Logs were included if they were at least 50cm 
long, and had a diameter ≥ 10cm. 
Tree diameter 
classes 
20m x 50m 
quadrat 
The number of tree stems present within each 
tree DBH class was recorded.  Tree DBH 
classes were: 0-5cm, 6-20cm, 21-40cm, 41-
60cm, 61-80cm and > 80cm.  These 
measurements were used to derive 
measurements of stem density within a quadrat. 
Native species 
richness 
20m x 20m 
quadrat 
The number of native plant species was counted 
in the quadrat. 
 
The methods used to measure vegetation in this project are taken from the BioMetric native 
vegetation condition assessment methodology (Gibbons et al. 2005), although all methods used 
here are routinely applied in other vegetation survey methods.  The use of this established 
methodology was an important consideration of this study, and also maintained consistency 
between this project and other vegetation assessments conducted within the study area.  The 
BioMetric methodology uses a 50m x 20m plot assessment as the core area assessed.  This 
plot area enabled areas below a distance of 50m to be assessed, corresponding to key spatial 
areas identified from the image semivariograms (Section 6.2.1), and aligned the vegetation 
measurements with pixel clusters used to construct the field site structure for this project (Figure 
6.6). 
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Structural vegetation attributes are often used as surrogate measures of biodiversity as they are 
often easily measured in the field (see Section 2.3.1) (McElhinny 2005).  Vegetation cover is 
perhaps the most frequently used measure of vegetation structure (Walker and Hopkins 1990, 
Oliver and Parkes 2003, Parkes et al. 2003, Gibbons et al. 2005, McElhinny et al. 2005, Eyre et 
al. 2006, Hnatiuk et al. 2008).  Canopy cover is frequently used as a measure of vegetation 
cover.  There are multiple methods used to measure canopy cover, including: 
− per cent crown cover: which is an estimation of the percentage of an area occupied by 
the vertical projection of the crown extent, where the crown is treated as an opaque object 
(Walker and Hopkins 1990, Gibbons et al. 2005, Michaels 2006, Hnatiuk et al. 2008), 
− per cent foliage cover: which is an estimation of the percentage of an area occupied by 
the vertical projection of the foliage and branches from the canopy (Walker and Hopkins 
1990, Gibbons et al. 2005, Hnatiuk et al. 2008), and 
− per cent projective foliage cover: which is an estimate of the percentage of an area 
occupied by the vertical projection of the foliage from a canopy (Walker and Hopkins 1990, 
DSE 2004, Michaels 2006, Hnatiuk et al. 2008). 
 
In this study, canopy cover was measured as both per cent crown cover and per cent foliage 
cover at each site.  Measures of per cent foliage cover estimate the amount of light intercepted 
by the vegetation, and can be assessed with reference to photographic guides such as the ones 
used in this study (supplied in Appendix 1) (Walker et al. 1988, Walker and Hopkins 1990, 
Gibbons et al. 2005, Hnatiuk et al. 2008).  Canopy cover can also be estimated using a line 
intercept method, where cover is assessed as per cent crown cover.  In this circumstance crown 
cover is used to estimate the vertical projection of crown, and a crown is treated as an opaque 
object (Walker and Hopkins 1990, Gibbons et al. 2005, Hnatiuk et al. 2008).   
 
While canopy cover is often used as a measure of vegetation cover at a site, vegetation cover 
can also be assessed either within different plant lifeform categories, or within different height 
classes (Hnatiuk et al. 2008).  Understorey vegetation can be assessed in a number of ways 
including cover and diversity of lifeforms present.  The structural complexity, or number of 
lifeforms present is also an important attribute of vegetation structure (Parkes et al. 2003, 
Lindenmayer et al. 2005, McElhinny et al. 2005).  Vegetation lifeforms, or lifeform diversity can 
be an indicator of disturbance within an area (McIntyre et al. 1995), in addition to providing a 
range of faunal habitats.  Vegetation cover can also be assessed as either native or exotic 
species cover.  Measurements of vegetation cover in different strata were used to construct 
composite measures of vegetation cover including different measures of native vegetation 
(excluding exotic species cover) and all vegetation (including exotic species cover).   
 
A 50m transect was used to record cover estimates of vegetation strata (Table 6.4).  The use of 
transects to sample vegetation cover within sites documents variation in vegetative cover across 
the site, in addition to supplying an estimate of average cover across it.  Cover of different strata 
was estimated using a point intercept method, which is a commonly employed technique for 
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measuring vegetation cover (Kent and Coker 2001, Gibbons et al. 2005, McCoy 2005).  
Additionally, canopy and midstorey cover was estimated as per cent foliage cover using visual 
photographic guides that are widely used as a standard assessment procedure across Australia 
(Walker and Hopkins 1990, DSE 2004, Gibbons et al. 2005, Hnatiuk et al. 2008).  The 
photographic guides used for this project are supplied in Appendix 1.   
 
A number of vegetation structural and functional attributes were assessed within a 20m x 50m 
plot area (Table 6.4).  These included stem density, coarse woody debris and overstorey 
species regeneration.  There are numerous measurements that can be used to describe the live 
tree stems present at a site including: basal area, stem density, tree height, tree DBH 
distribution and classes, and the presence of large trees (see Section 2.3.2).  The distribution of 
stems across DBH classes can provide important information on historical recruitment events at 
a site, and the range of habitat resources available (McElhinny et al. 2005, Oliver et al. 2007).  
Live tree stems were assessed as counts in a range of DBH classes.  These measurements 
were then further manipulated to give a density of the attribute within a given spatial area.  Dead 
tree stems were also counted, as were hollow-bearing trees and cut stumps.  The length and 
diameter of fallen logs was recorded within the 20m x 50m plot.   
 
Disturbance and plant regeneration are two common attributes used to represent the functional 
capability of native vegetation (see Section 2.3.1).  Regeneration can be measured in various 
ways.  Gibbons et al (2005) assess regeneration as the proportion of canopy species that have 
tree stems ≤ 5cm DBH present at the site.  Other authors use the presence of recruitment 
cohorts, or evidence of recruitment events such as fire, as measures of regeneration (Oliver and 
Parkes 2003, Parkes et al. 2003).  The approach documented in Gibbons et al (2005) was used 
in this study. 
 
Examples of vegetation attributes used to represent the composition of vegetation include 
native and exotic species richness, and rare or threatened plant species (see Section 2.3.1).  
Native species richness is a commonly used measure of vegetation composition (Oliver 2002, 
Parkes et al. 2003, Gibbons et al. 2005, Eyre et al. 2006, McElhinny et al. 2006).  Species 
richness was assessed using a 20m x 20m quadrat (Table 6.4).  In the BioMetric methodology 
(Gibbons et al. 2005), species richness is recorded as a total count of the number of species, 
without identifying individual species.  This negates the need for specialised botanical 
knowledge when conducting vegetation assessments.   
 
An issue with this approach was identified during the pilot study.  As individual species are not 
identified, measuring multiple quadrats per site to calculate the mean number of native species 
does not necessarily reflect the true number of species present in the area.  As there is no way 
to determine if there are additional plant species in multiple quadrats, or if the same species are 
recorded, this becomes a non-scalable attribute.  Consequently, this part of the assessment 
was carried out in the initial plot assessment only (Figure 6.10).  Regeneration of canopy 
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species was recorded as a proportion of canopy species with regeneration evident at a site.  
This variable is also a non-scaleable attribute as individual species are not recorded, and was 
treated in the same manner as native species richness.  This has important implications for the 
use of this ground data with multiple sources of remotely sensed data at different spatial 
resolutions, and highlights issues associated with attribute measurement methodologies (see 
Section 3.6). 
 
GPS positions were taken at each plot (as shown in Figure 6.7) to allow the ground data 
information to be integrated with other spatial data.  In addition to the vegetation attributes listed 
above, a number of ancillary variables were also recorded during field assessments including: 
− Weather conditions, 
− Land use, 
− Presence or absence of evidence of disturbance such as fire, grazing, salinity, erosion and 
logging,  
− Soil colour and moisture levels, and 
− Site photographs. 
Field sheets used to record ground data information are supplied in Appendix 2, including all 
ancillary data recorded. 
 
In addition to plot assessments, individual trees were also assessed across the study area.  The 
methods used to assess individual tree attributes are listed in Table 6.5.  The average crown 
diameter and average canopy cover of trees in the area were used to estimate canopy cover 
across a site using SPOT 5 panchromatic imagery (Gibbons et al. 2005).  GPS locations were 
also recorded at each individual tree.  The same photographic guide was used to assess 
canopy cover and canopy health during both plot and tree assessments.  These are supplied in 
Appendix 1. 
 
Table 6.5.  Methodology used to assess individual tree attributes 
 
Individual tree attribute Comment 
Species The species of tree was recorded 
DBH The DBH of the tree was recorded 
Tree hollows The presence or absence of hollows was recorded 
Canopy cover The per cent foliage cover was estimated, using a photographic 
guide (supplied in Appendix 1) 
Canopy health The percentage of canopy health was estimated, using a 
photographic guide (supplied in Appendix 1) 
N-S width The N-S canopy width was measured 
E-W width The E-W canopy width was measured 
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6.4 Ground data collection 
 
Ground data collection for this project was conducted within the study area (see Chapter 4).  
The aim of ground data collection was to sample a full spectrum of vegetation conditions that 
exists within remnant vegetation in the study area.  The study area was stratified prior to ground 
data collection to allow a representative sample of vegetation, from different vegetation types 
and land use history, to be collected for further analysis.  Ground data were collected in a 
manner that allowed spatial data quality issues, such as spatial scale, attribute measurement 
and site homogeneity (see Chapter 3 for a review of these issues), to be explored quantitatively 
in further analysis.  Ground data collection included the assessment of both field sites and 
individual trees. 
 
6.4.1 Study area stratification 
 
The collection of ground data from a large number of representative locations and conditions is 
a very important process in remote sensing validation (Liang 2004).  Ground data were 
collected using a stratified random approach.  The stratified random sampling approach is 
commonly used to ensure all important landscape units within a study area are sampled, while 
maintaining a randomised approach required by many statistical tests (McCoy 2005).  The study 
area stratification was completed using a GIS software package ArcGIS 9.2®.  Two spatial data 
layers were used to stratify the landscape.   
 
BVT mapping was used to stratify the study area on the basis of vegetation type.  Three BVTs 
were present within the study area: GBW, DFF and RWF (see Chapter 4).  The estimated 
historical spatial extent of these BVTs prior to European settlement was used to stratify the 
landscape based on vegetation type.  Land use mapping, completed across the Murray CMA in 
2003 was used to stratify the study area on the basis of land use intensity.  The land use 
categories were given a land use intensity rating of 1 – 3, dependent on the perceived level of 
land degradation experienced with reference to native vegetation.  A land use intensity rating of 
1 indicated low land use intensity, representing areas of reserved native vegetation, and a land 
use intensity rating of 3 indicated very high levels of land use intensity, representing areas of 
intensive agriculture.  A full summary of land use intensity rating allocations is provided in 
Appendix 3.  Land use intensity was used to ensure vegetation in a range of conditions, from 
highly degraded to good quality remnant vegetation, was sampled.   
 
The vegetation and land use data layers were combined in ArcGIS 9.2® to create a stratification 
layer with nine different strata.  Prior to the commencement of fieldwork, the Random Point 
Generation Tool, contained in the Hawth’s Analysis Tool for ArcGIS software package (Beyer 
 - 112 - 
2004), was used to generate random stratified sampling point locations.  These were used to 
guide the selection of suitable field sites. 
 
The percentage of the study area covered by each stratum and numbers of field sites located in 
each stratum are shown in Table 6.6.  The number of field sites located within each stratum is 
generally proportional to the percentage of the study area covered by each stratum.  Due to 
their small area, some strata (strata 2, 3 and 7) were unrepresented in the ground data collected 
for this project.  Table 6.7 and Table 6.8 show the distribution of field sites across BVTs and 
land use intensity rating classes.  GBW was the most highly sampled vegetation type, and also 
represents over 90% of the study area.  In addition to the small area covered by some strata, 
field site distribution was also limited by access to private land and the ability to locate 
homogenous areas of vegetation of sufficient spatial extent suitable for this project’s 
requirements. 
 
Table 6.6.  Percentage of the study area covered by each stratum, and numbers of field sites 
located in each stratum within the study area 
 
Strata Broad 
Vegetation Type 
Land use 
intensity 
rating 
Percentage of 
study area (%) 
No. of 
field 
sites 
Percentage of 
field sites (%) 
1 Dry Foothill 
Forest 
1 1.94 8 7.02 
2 Dry Foothill 
Forest 
2 1.98 0 0 
3 Dry Foothill 
Forest 
3 0.29 0 0 
4 Grassy Box 
Woodland 
1 2.13 24 21.05 
5 Grassy Box 
Woodland 
2 56.30 64 54.39 
6 Grassy Box 
Woodland 
3 34.07 15 13.16 
7 Riverine 
Woodland Forest 
1 0.01 0 0 
8 Riverine 
Woodland Forest 
2 2.00 2 1.75 
9 Riverine 
Woodland Forest 
3 1.28 3 2.63 
 
Table 6.7.  Percentage cover of the study area, the number of field sites located within, and the 
percentage of field sites located within the three broad vegetation types within the study area 
 
Broad Vegetation Type Percentage of 
study area (%) 
No. of field 
sites 
Percentage of 
field sites (%) 
Dry Foothill Forest 4.21 8 7.02 
Grassy Box Woodland 92.49 101 88.60 
Riverine Woodland Forest 3.30 5 4.38 
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Table 6.8.  Percentage cover of the study area, the number of field sites located within, and the 
percentage of field sites located within the land use intensity rating groups within the study area 
 
Land use intensity 
rating 
Percentage of study 
area (%) 
No. of field sites Percentage of field 
sites (%) 
1 4.08 32 28.07 
2 60.28 64 56.14 
3 35.64 18 15.79 
 
6.4.2 Ground data collection for this study 
 
Fieldwork for this project was conducted during 2006 and 2007.  Fieldwork was completed from 
late November to early March, temporally matching the seasons during which remotely sensed 
imagery was acquired (see Section 5.2 for image details).  This was an important consideration, 
as the temporal synchronicity of data has important implications for the calibration and validation 
of remotely sensed data, as discussed in Section 3.3.  Ground data was recorded on field 
sheets or on a hand-held computer, and were later entered into a Microsoft Access 2003 
database which was used to calculate vegetation variables for use in further analysis.  Field 
sheets used to record ground data are given in Appendix 2.   
 
The locations of field sites were recorded using a GPS unit, as shown in Figure 6.7.  A handheld 
Garmin eTrex® GPS unit was used to locate ground data sites, using the GDA94 datum.  
Further information on the map projections used in this project is given in Section 3.4.  The GPS 
locations recorded during fieldwork were used to create field site extents in ArcGIS 9.2®, 
corresponding to the extent of pixel clusters given in Table 6.1.  An estimated positional 
accuracy was displayed on the GPS screen at the time of data acquisition.  This reported 
positional accuracy varied between 5 and 10m.  Positional inaccuracy in the various spatial data 
used for this study was accommodated by the use of pixel clusters as sampling units (see 
Sections 5.5 and 6.2).  These GPS coordinates were then used to extract image statistics from 
the remotely sensed imagery, as outlined in Section 5.5. 
 
One hundred and fourteen field sites (incorporating 193 plots) were assessed in the study area.  
The distribution of these sites is shown in Figure 6.11.  The field sites were divided into two 
types of assessments: core assessments and edge assessments.  Core field site assessments 
were conducted in relatively homogenous areas of vegetation.  Ninety two core field sites were 
assessed: 28 were measured using a single plot assessment and 64 were measured using two 
plot assessments within the site area, as shown in Figure 6.10.   
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While the majority of sites were assessed using two plot assessments, a number were 
assessed using a single plot assessment due to the use of ground data collected for other 
purposes.  While the pilot study (documented in Section 6.3.1) indicated that a more 
representative site sample was taken when two plots were measured within a field site, 
measurements derived from assessments using two plots and one plot assessment were 
strongly correlated (Spearman rank correlation (rs) > 0.8, p< 0.01) for all vegetation attributes.  
The use of homogenous field sites (see Section 3.5) also limited the influence of a change in 
sampling intensity at a small proportion of sites.  The reduced sampling intensity still provided a 
total sample for Ikonos imagery pixel clusters and provided either a 40% or 100% sample for 
ground sites to be used with SPOT 5 imagery pixel clusters, as documented in Table 6.2.  
These additional sites measured using only one plot assessment were included as they only 
impacted the estimates of vegetation attributes across SPOT 5 image clusters of greater than 5 
x 5 pixels. 
 
A further 22 site assessments were completed in heterogeneous areas of vegetation, termed 
edge assessments.  These sites were located specifically along boundary areas such as 
roadsides or narrow strips of vegetation.  This was done to allow the influence of mixed pixels to 
be explored (see Section 3.5).  Twenty two individual trees were also assessed across the study 
area to allow individual trees to be used in the estimation of canopy cover, particularly in areas 
of low tree canopy cover.  Following ground data collection, a number of vegetation attributes 
were calculated for each field site.  These 42 stand-level vegetation attributes are summarised 
in Table 6.9. 
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Figure 6.11.  Distribution of strata and field sites across the study area 
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Table 6.9.  Summary of stand-level vegetation attributes calculated for each field site 
 
 
Vegetation attribute 
1 BioMetric condition score 
2 Canopy per cent foliage cover  
3 Canopy per cent crown cover  
4 Canopy health (%) 
5 Midstorey cover (%) 
6 Shrub cover (%) 
7 Grass cover (%) 
8 Other ground species cover (%) 
9 Midstorey and shrub cover (%) 
10 Shrub, grass and other ground species cover (%) 
11 Grass and other ground species cover (%) 
12 Shrub and other ground species cover (%)  
13 Midstorey, shrub and other ground species cover (%) 
14 Midstorey, shrub, other ground species and exotic species cover (%) 
15 All native vegetation understorey cover (%) 
16 All native vegetation understorey and exotic species cover (%) 
17 Number of vegetation strata (0.25ha-1) 
18 Native vegetation cover (%) 
19 Native vegetation cover (excluding grass cover) (%) 
20 All vegetation cover (%) 
21 All vegetation cover (excluding grass cover) (%) 
22 Bare ground (%) 
23 Exposed rock (%) 
24 Exotic species cover (%) 
25 Native species richness (count) 
26 Canopy species regeneration (%) 
27 Stem density (≤ 5cm DBH) (0.25ha-1) 
28 Organic litter cover (%) 
29 Log length (cm 0.25ha-1) 
30 Log volume (cm3 0.25ha-1) 
31 Cut stump density (0.25ha-1) 
32 Hollow-bearing trees (0.25ha-1) 
33 Stem density (6-20cm DBH) (0.25ha-1) 
34 Stem density (21-40cm DBH) (0.25ha-1) 
35 Stem density (41-60cm DBH) (0.25ha-1) 
36 Stem density (61-80cm DBH) (0.25ha-1) 
37 Stem density (> 80cm DBH) (0.25ha-1) 
38 Stem density (6-40cm DBH) (0.25ha-1) 
39 Stem density (> 40cm DBH) (0.25ha-1) 
40 Stem density (> 5cm DBH) (0.25ha-1) 
41 Stem density (live stems) (0.25ha-1) 
42 Stem density (dead stems) (0.25ha-1) 
 
 - 117 - 
 
6.5 Conclusion 
 
Poor compatibility between ground data and remote sensing data greatly impinges the analysis 
of the data and any identified relationships (Congalton 1991, Defries et al. 2000, Liang 2004, 
Reinke and Jones 2006).  Consequently, the use of an appropriate ground data sampling 
methodology is an important consideration for remote sensing studies and the focus of the work 
presented in this chapter.  While the ground sampling methodology developed here is specific 
for this study, the process demonstrated in this chapter can be applied to other studies and 
remote sensing platforms.  The work aims to address RQ 1: 
How can existing site-based vegetation assessment methodologies be adapted to provide 
adequate ground data for vegetation condition predictions using operational multi-spectral 
remote sensing platforms? 
 
The spatial structure of the remotely sensed data is a fundamental consideration of the ground 
sampling methodology approach.  Semivariograms were calculated visually represent the 
spatial structure of the remotely sensed data (see Section 6.2).  For both sources of imagery, 
the shape of the semivariogram suggested that a ground sample size of approximately 50m x 
50m is appropriate for sampling vegetation within this landscape.  Within this area, a number of 
pixel clusters from both Ikonos and SPOT 5 imagery were defined to build a nested field site 
design. 
 
Within the nested spatial arrangement of the field site, plots and transects were established to 
collect ground data measurements (see Section 6.3).  The location of pixel clusters within the 
field site design was used to guide the placement of plots and transects used to measure stand-
level vegetation attributes.  The stand-level vegetation attributes assessed at each site were 
selected from published vegetation condition assessment methodologies (see Section 1.1 and 
2.3.1).  The methods used to measure these individual vegetation attributes were also selected 
from published literature, based on methods published in Gibbons et al (2005).  The use of this 
established methodology was an important consideration of RQ 1, and maintained consistency 
between this project and other vegetation assessments. 
 
Ground data were collected in a manner that facilitated the derivation of relationships between 
stand-level vegetation attributes (summarised in Table 6.9) and remotely sensed variables 
(documented in Chapter 5), and the exploration of the influence of several spatial data quality 
issues (reviewed in Chapter 3).  The results of these analyses are documented in the following 
chapters. 
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7 Identification of key remotely sensed variables correlated with vegetation 
attributes 
 
7.1 Introduction 
 
This chapter examines associations between remotely sensed variables (as described in 
Chapter 5) and vegetation attributes measured in the field (as described in Chapter 6).  The 
analysis was conducted in two stages: (1) identification of a core set of vegetation attributes, 
and (2) identification of a core set of remotely sensed variables.  An outline of the chapter is 
shown in Figure 7.1.  The statistical methods used at each stage of the analysis are outlined in 
Section 7.2.   
 
The work presented in this chapter addresses RQ 2: 
Which remotely sensed variables (both spectral and textural measures) correlate best 
with vegetation condition attributes? 
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Figure 7.1.  Outline of Chapter 7 
 
7.2 Outline of statistical methods used 
 
The vegetation and remotely sensed data were analysed in a number of stages, as outlined in 
Figure 7.1.  This section provides an overview of the statistical approaches used in this chapter.  
The first stage of analysis was an exploratory analysis of the stand-level vegetation attributes 
measured during ground data collection.  This investigation was used to identify a core set of 
stand-level vegetation attributes for use in further analysis.  The second stage of analysis was 
used to identify a core set of remotely sensed variables that were strongly correlated with each 
core vegetation attribute.  All statistical analyses were undertaken using SPSS 15.0 software. 
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7.2.1 Identification of a core set of vegetation attributes 
 
The first stage of data analysis was used to identify a core set of vegetation attributes, based on 
correlations between stand-level vegetation attributes.  Edge sites were excluded from this 
analysis, with only vegetation data recorded in core sites utilised (see Section 6.4.2).  A total of 
42 stand-level vegetation attributes were derived from site assessments (Table 6.9).  A data 
reduction process was used to identify 21 core vegetation attributes that were used in the next 
stages of analysis. 
 
There are several different statistical approaches to data reduction including the use of 
correlation matrices, principal component analysis, and other forms of factor analysis (Nagler et 
al. 2001, Fischer et al. 2004, Hair et al. 2006, Kayitakire et al. 2006, McElhinny et al. 2006, Zuur 
et al. 2007, Estes et al. 2008).  Initially both principal component analysis and correlation matrix 
methods were used to examine relationships between stand-level vegetation attributes.  To 
maintain consistency between statistical approaches used throughout this thesis, results from 
the correlation matrix analysis are reported. 
 
A correlation matrix was used to identify associations between all vegetation attributes listed in 
Table 6.9.  The use of correlation coefficients to identify key variables has been widely used 
(Nagler et al. 2001, Kayitakire et al. 2006, McElhinny et al. 2006, Estes et al. 2008).  The 
strength of the association is measured using a correlation coefficient.  As some data did not 
follow a normal distribution, a Spearman rank correlation coefficient (rs) was used in this section 
of the analysis.  A Spearman’s rank correlation coefficient is a correlation procedure based on 
ranked data, and is the non-parametric equivalent of a Pearson product-moment coefficient (Zar 
1999).  Non-parametric methods are often used in vegetation studies due to the nature of the 
data (Kent and Coker 2001, Dytham 2003).  Correlated vegetation attributes were identified as 
those with a Spearman rank correlation coefficient (rs) ≥ 0.6.  A scatterplot matrix of vegetation 
attributes was also used to visually assess relationships between attributes.  Descriptive 
statistics were calculated for each core vegetation attribute. 
 
7.2.2 Identification of a core set of remotely sensed variables 
 
A large number of variables (over 4500) were derived from remotely sensed data.  The aim of 
the second stage of analysis was to reduce the number of remotely sensed variables 
considered for further analysis.  Initially a correlation matrix was used to identify strongly 
correlated remotely sensed variables.  A Spearman rank correlation coefficient (rs) was used as 
not all the data were normally distributed.  This analysis identified cohorts of correlated remotely 
sensed variables, which is similar to the approach taken by Kayitakire et al (2006). 
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As a secondary analysis step, a core set of remotely sensed variables was identified for each 
individual core vegetation attribute, which were identified in the first analysis step.  A correlation 
matrix was used to achieve this, based on Spearman rank correlation coefficient values.  
Scatterplot matrices of variables were also generated to assess the relationship between 
vegetation attributes and remotely sensed variables.  For each vegetation attribute, remotely 
sensed variables with a Spearman rank correlation coefficient (rs) ≥ 0.4 were identified.  Within 
each cohort of correlated remotely sensed variables (identified previously), the variable with the 
strongest correlation coefficient (rs) to the vegetation attribute was selected for inclusion in 
further analysis.   
 
This analysis (1) identified a core set of remotely sensed variables for each vegetation attribute 
and (2) excluded strongly correlated remotely sensed variables from this core set.  This process 
also identified vegetation attributes that were not strongly correlated with any remotely sensed 
variables.  Descriptive statistics were then calculated for each of these core remote sensing 
variables.   
 
7.3 Determining a core set of vegetation attributes 
 
This section outlines the preliminary analysis of vegetation data.  The methods used to conduct 
this preliminary analysis are outlined in Section 7.2.1.  Core sites, from all vegetation types, 
were used for this analysis (see Section 6.4.2).   
 
7.3.1 Identification of a core set of vegetation attributes 
 
A total of 21 core vegetation attributes were identified from this analysis, as outlined in Table 
7.1.  Canopy per cent foliage cover (see Section 6.3.3) was strongly correlated with both per 
cent crown cover and canopy health, and was therefore used as a core vegetation attribute.  
Three measures of understorey vegetation cover were included in the core set of vegetation 
attributes.  These were: 
− midstorey, shrub and other ground species cover 
− shrub and other ground species cover, and 
− grass cover. 
These attributes were included as they were strongly correlated with other measures of 
understorey cover.  Three other measures of vegetation were also included in the core set of 21 
vegetation attributes. 
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A number of vegetation attributes were included in the core set of attributes as they were not 
correlated with any other vegetation attributes.  These were: 
− bare ground,  
− exposed rock, 
− exotic species cover, 
− organic litter cover, 
− density of cut stumps, 
− native species richness, 
− stem density (61-80cm DBH), and 
− stem density (> 80cm DBH). 
 
Another three measures of stem density were included in the core set of vegetation attributes as 
these were strongly correlated with other measures of stem density. 
 
Table 7.1.  Spearman rank correlation coefficient (rs) between core vegetation attributes and 
other vegetation attributes (rs ≥ 0.6) 
 
Core vegetation attribute Correlated vegetation attributes rs 
Canopy per cent crown cover  0.81** 
Canopy health 0.68** 
Native vegetation cover (excluding grass) 0.73** 
Canopy per cent foliage cover  
Stem density (> 40cm DBH) 0.64** 
Midstorey cover 0.67** 
Other ground species cover 0.61** 
Midstorey and shrub cover 0.83** 
Shrub and other ground species cover 0.78** 
Midstorey, shrub and other 
ground species cover 
Number of vegetation strata 0.76** 
Shrub cover 0.66** 
Other ground species cover 0.77** 
Shrub and other ground 
species cover 
Number of vegetation strata 0.82** 
All native understorey cover 0.84** 
Shrub, grass and other ground species cover 0.94** 
Grass cover 
Grass and other ground species cover 0.97** 
Bare ground n/a - 
Exposed rock n/a - 
Grass cover 0.77** 
Shrub, grass and other ground species cover 0.80** 
Grass ground 0.78** 
Midstorey, shrub, other ground species and exotic 
species cover 
0.75** 
All native understorey cover 0.81** 
All understorey and exotic 
species cover 
All vegetation cover 0.60** 
Canopy per cent crown cover  0.69** 
Native vegetation cover (excluding grass) 0.75** 
Native vegetation cover 
All vegetation cover 0.78** 
Canopy per cent foliage cover 0.73** 
Canopy per cent crown cover  0.93** 
Native vegetation cover 0.75** 
All vegetation cover (excluding grass cover) 0.70** 
Native vegetation cover 
(excluding grass cover) 
Stem density (live stems) 0.61** 
Exotic species cover n/a - 
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Core vegetation attribute Correlated vegetation attributes rs 
Number of native species Stems (≤ 5cm DBH) 0.66** 
Species richness 0.66** 
Canopy species regeneration 0.87** 
Stem density (live stems) 0.77** 
Stem density (6-20cm DBH) 0.71** 
Stem density (≤ 5cm DBH) 
Stem density (6-40cm DBH) 0.61** 
Log length Log volume 0.93** 
Organic litter cover n/a - 
Cut stump density n/a - 
Hollow-bearing trees n/a - 
Stem density (41-60cm DBH) Stem density (> 40cm DBH) 0.84** 
Stem density (61-80cm DBH) n/a - 
Stem density (> 80cm DBH) n/a - 
Stem density (6-20cm DBH) 0.93** 
Stem density (21-40cm DBH) 0.80** 
Stem density (6-40cm DBH) 0.99** 
Stem density (live stems) 0.95** 
Stem density (> 5cm DBH) 
Stem density (dead stems) 0.71** 
Native vegetation cover (excluding grass cover) 0.61** 
Stem density (≤ 5cm DBH)  0.77** 
Canopy species regeneration 0.64** 
Stem density (6-20cm DBH) 0.93** 
Stem density (21-40cm DBH) 0.73** 
Stem density (6-40cm DBH) 0.94** 
Stem density (> 5cm DBH) 0.95** 
Stem density (live stems) 
Stem density (dead stems) 0.68** 
**p<0.01, *p<0.05 
 
7.3.2 Exploratory analysis of core vegetation attributes 
 
Descriptive statistics (mean, range and standard deviation) for the core vegetation attributes 
identified in Section 7.3.1 are given in Table 7.2.  A large range of vegetation cover conditions 
were sampled across field sites, with a full range of 0 – 100% cover sampled for some 
attributes.  A smaller range of stem density was sampled, particularly for larger DBH classes 
such as stem density (> 80cm DBH).  These attributes were not as common throughout the 
study area, and were not as variable between sites.  Smaller stem density classes, such as 
stem density (≤ 5cm DBH), were more variable across the study area. 
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Table 7.2.  Descriptive statistics (mean, range and standard deviation) of core vegetation 
attributes 
 
Core vegetation attribute Unit n Mean Range σ 
Canopy per cent foliage cover  % 92 21 0 - 42 9.64 
Midstorey, shrub and other ground 
species cover 
% 92 11 0 - 70 16.67 
Shrub and other ground species cover % 92 6 0 - 47 25.26 
Grass cover % 92 34 0 - 92 25.09 
Bare ground % 92 11 0 - 76 14.18 
Exposed rock % 86 1 0 - 9 1.96 
All understorey and exotic species 
cover 
% 92 51 0 - 100 30.30 
Native vegetation cover % 92 79 0 - 100 20.05 
Native vegetation cover (excluding 
grass cover) 
% 92 64 0 - 100 26.98 
Exotic species cover % 92 14 0 - 99 26.36 
Number of native species 0.04ha 92 7 2 - 18 3.66 
Stem density (≤ 5cm DBH) 0.25ha-1 92 9.6 0 - 101.5 19.36 
Log length cm 0.25ha-1 92 1590.4 0 - 8600 1617.32 
Organic litter cover % 92 83 0 - 100 21.40 
Cut stump density 0.25ha-1 63 1.2 0 - 10.5 2.05 
Hollow-bearing trees 0.25ha-1 92 0.5 0 - 3 0.71 
Stem density (41-60cm DBH) 0.25ha-1 92 1.7 0 - 8 2.12 
Stem density (61-80cm DBH) 0.25ha-1 92 0.7 0 - 5.5 0.95 
Stem density (> 80cm DBH) 0.25ha-1 92 0.6 0 - 3.5 0.76 
Stem density (> 5cm DBH) 0.25ha-1 92 20.5 0 - 109 20.29 
Stem density (live stems) 0.25ha-1 92 30.1 0 - 157.2 33.94 
 
7.3.3 Site condition scores 
 
Following ground data collection, data were used to calculate BioMetric site vegetation condition 
scores for the site (Gibbons et al. 2005).  Vegetation attributes used to calculate a vegetation 
condition score were: 
− Canopy per cent foliage cover, 
− Midstorey cover, 
− Grass species cover, 
− Shrub cover, 
− Other ground species cover, 
− Exotic species cover, 
− Woody canopy species regeneration, 
− Hollow bearing trees, 
− Log length, and 
− Native species richness. 
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Each vegetation attribute was ranked (0-3) with respect to a predefined benchmark as 
described in Gibbons et al (2005).  These ranks were then used to generate a condition score, 
ranging from 0-100.  These calculations were carried out by Julian Seddon (NSW DECC).  
BioMetric site condition scores ranged from 7.3 to 60.8 (n=92), suggesting that a broad range of 
site conditions were sampled during the ground data collection process.  A histogram of site 
scores is shown in Figure 7.2.  The mean condition score was 32.9 (σ = 12.18).  The absence of 
sites in higher condition (BioMetric scores > 60) can be attributed to the highly modified 
landscape of the study area, and the correspondence of the field sampling with drought 
conditions. 
 
 
Figure 7.2.  Histogram of BioMetric site scores 
 
A Mann-Whitney U test was used to identify which vegetation communities were significantly 
different to each other.  Based on BioMetric scores, there were significant differences between 
GBW and DFF vegetation types (p < 0.01), and between RWF and DFF vegetation types (p < 
0.01).  There were no significant differences between the two woodland vegetation types (GBW 
and RWF) (p > 0.05).  The differences in site condition scores, and the range of site condition 
scores sampled for each vegetation type is summarised in Figure 7.3.  This figure illustrates the 
difference in mean site condition score between woodland vegetation types and DFF, which is 
higher than both GBW and RWF.   
 
This difference in condition between vegetation types was expected due to differences in 
clearing rates and landscape position between BVTs (see Section 4.2).  DFF is found on lower 
elevations of the highlands in the study area, typically on poorly developed soils (Miles 2001).  
This has resulted in DFF occurring in areas considered less suitable for agricultural land uses 
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than other areas within the landscape.  The largest remnants of DFF in the study area were 
located in areas of national park and were consequently expected to be in comparatively good 
condition.  By contrast, remnants of GBW and RWF were expected to be in relatively poor 
condition due to their depleted nature and proximity to agricultural land, which has lead to 
higher rates of modification of these vegetation types (Murray CMA 2006).  A greater range of 
site conditions were sampled from GBW vegetation compared to both DFF and RWF, reflecting 
the dominance of this vegetation type within the study area and its representation within private 
and public reserves, such as Travelling Stock Reserves (see Section 6.4.1). 
 
 
Figure 7.3.  Box plot of site condition scores showing mean and inter-quartile range for each 
broad vegetation type  
 
Correlations between vegetation attributes and the BioMetric site condition score generated for 
each site were calculated using a Spearman rank correlation.  Vegetation attributes that are 
strongly correlated with BioMetric scores (rs > 0.6) are listed in Table 7.3  The number of native 
species and canopy species regeneration were more highly correlated with BioMetric scores 
than other vegetation attributes used to calculate the score.  Stem density measures were also 
strongly correlated with BioMetric score.   
 
These strongly correlated attributes reflect disturbance levels at a site such as clearing (which 
influences stem density measures), and exotic species and grazing (which influence attributes 
such as native species richness and regeneration).  Other studies have noted these links and 
used indicators of disturbance to assess vegetation condition (Eyre et al. 2002, Drielsma and 
Ferrier 2006, Coulter and Stow 2009).  The strong correlation between these vegetation 
attributes and site condition scores suggests that these attributes are potentially useful 
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indicators of site condition, particularly if these attributes can be recovered from multi-spectral 
remotely sensed data with an acceptable level of accuracy (see Chapter 8). 
 
Table 7.3.  Spearman rank correlation coefficients between BioMetric condition scores and 
other vegetation attributes (rs ≥ 0.6) 
Vegetation attribute rs 
Number of native species 0.67** 
Canopy species regeneration 0.67** 
Stem density (≤ 5cm DBH) 0.74** 
Stem density (live stems)  0.71** 
Stem density (> 5cm DBH)  0.65** 
Stem density (6-20cm DBH) 0.69** 
Stem density (6-40cm DBH) 0.64** 
**p<0.01, *p<0.05 
 
7.4 Determining a core set of remotely sensed variables for core vegetation attributes 
 
This section outlines the preliminary analysis of remotely sensed variables derived for this 
study.  The methods used to conduct this preliminary analysis are outlined in Section 7.2.2.  
Details of image processing undertaken for this study are given in Section 5.4.   
 
7.4.1 Identification of correlated cohorts of remotely sensed variables 
 
Over 4500 individual remotely sensed variables were derived from the two sources of multi-
spectral imagery, including MVIs, GLCM texture measures, and mean spectral values as 
outlined in Section 5.4.  A summary of the different remotely sensed variables that were derived 
is given in Table 7.4 and Table 7.5.  The different variables, the features used to calculate the 
variables, and the notation used to identify the remotely sensed variables, are summarised in 
these tables.   
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Table 7.4.  A summary of remotely sensed variables derived from SPOT 5 imagery at each site 
(n=1484), detailing the variables calculated and the terminology used to describe remotely 
sensed variables 
 
Remotely sensed variables
 
Measure1 ROI2 
SR 10m, 30m, 50m, 70m 
NDVI 10m, 30m, 50m, 70m 
TVI 10m, 30m, 50m, 70m 
SAVI (L=0.53) 10m, 30m, 50m, 70m 
Mean spectral reflectance (Band 1) 10m, 30m, 50m, 70m 
Mean spectral reflectance (Band 2) 10m, 30m, 50m, 70m 
Mean spectral reflectance (Band 3) 10m, 30m, 50m, 70m 
Mean spectral reflectance (Band 4) 10m, 30m, 50m, 70m 
Mean spectral reflectance (All bands) 10m, 30m, 50m, 70m 
 
GLCM Variables 
Measures Band5 Window6 ROI7 Shift8 
Mean 1,2,3,4,All 3x3, 5x5, 7x7 10m, 30m, 50m, 70m X, Y, - 
Contrast 1,2,3,4,All 3x3, 5x5, 7x7 10m, 30m, 50m, 70m X, Y, - 
Homogeneity 1,2,3,4,All 3x3, 5x5, 7x7 10m, 30m, 50m, 70m X, Y, - 
Variance 1,2,3,4,All 3x3, 5x5, 7x7 10m, 30m, 50m, 70m X, Y, - 
Second Mom 1,2,3,4,All 3x3, 5x5, 7x7 10m, 30m, 50m, 70m X, Y, - 
Correlation 1,2,3,4,All 3x3, 5x5, 7x7 10m, 30m, 50m, 70m X, Y, - 
Entropy 1,2,3,4,All 3x3, 5x5, 7x7 10m, 30m, 50m, 70m X, Y, - 
Dissimilarity 1,2,3,4,All 3x3, 5x5, 7x7 10m, 30m, 50m, 70m X, Y, - 
Notes: 
1 General measures included multi-spectral vegetation indices and average reflectance values 
2 Each measure was calculated as an average for the listed ROI dimensions 
3 Coefficients used in the calculation of this index 
4 Eight different GLCM measures were calculated 
5
 Each measure was calculated for individual bands, and as an average of all bands. 
  Combinations of bands were also used for some vegetation attributes 
6
 Each measure was calculated using the listed window dimensions 
7
 Each measure was calculated as an average for the listed ROI dimensions 
8
 Each measure was calculated in a vertical direction (denoted by a Y), a horizontal direction 
  (denoted by a X) or as an average of both directions (denoted by a -) 
 
Details of the image processing used to derive these measures are presented in Chapter 5 
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Table 7.5.  A summary of remotely sensed variables derived from Ikonos imagery at each site 
(n=3065), detailing the variables calculated and the terminology used to describe remotely 
sensed variables 
 
Remotely sensed variable
 
Measure1 ROI2 
SR 4m, 12m, 20m, 52m, 68m 
NDVI 4m, 12m, 20m, 52m, 68m 
TVI 4m, 12m, 20m, 52m, 68m 
SAVI (L=0.53) 4m, 12m, 20m, 52m, 68m 
SARVI (L=0.53) 4m, 12m, 20m, 52m, 68m 
EVI 4m, 12m, 20m, 52m, 68m 
Mean spectral reflectance (Band 1) 4m, 12m, 20m, 52m, 68m 
Mean spectral reflectance (Band 2) 4m, 12m, 20m, 52m, 68m 
Mean spectral reflectance (Band 3) 4m, 12m, 20m, 52m, 68m 
Mean spectral reflectance (Band 4) 4m, 12m, 20m, 52m, 68m 
Mean spectral reflectance (All bands) 4m, 12m, 20m, 52m, 68m 
 
GLCM Measures4 
Measure Band5 Window6 ROI7 Shift8 
Mean 1,2,3,4,All 3x3, 5x5, 7x7, 13x13,17x17 4m, 12m, 20m, 52m,68m X, Y, - 
Contrast 1,2,3,4,All 3x3, 5x5, 7x7, 13x13,17x17 4m, 12m, 20m, 52m,68m X, Y, - 
Homogeneity 1,2,3,4,All 3x3, 5x5, 7x7, 13x13,17x17 4m, 12m, 20m, 52m,68m X, Y, - 
Variance 1,2,3,4,All 3x3, 5x5, 7x7, 13x13,17x17 4m, 12m, 20m, 52m,68m X, Y, - 
Second Mom 1,2,3,4,All 3x3, 5x5, 7x7, 13x13,17x17 4m, 12m, 20m, 52m,68m X, Y, - 
Correlation 1,2,3,4,All 3x3, 5x5, 7x7, 13x13,17x17 4m, 12m, 20m, 52m,68m X, Y, - 
Entropy 1,2,3,4,All 3x3, 5x5, 7x7, 13x13,17x17 4m, 12m, 20m, 52m,68m X, Y, - 
Dissimilarity 1,2,3,4,All 3x3, 5x5, 7x7, 13x13,17x17 4m, 12m, 20m, 52m,68m X, Y, - 
Notes: 
1 General measures included multi-spectral vegetation indices and average reflectance values 
2 Each measure was calculated as an average for the listed ROI dimensions 
3 Coefficients used in the calculation of this index 
4 Eight different GLCM measures were calculated 
5
 Each measure was calculated for individual bands, and as an average of all bands 
  Combinations of bands were also used for some vegetation attributes 
6
 Each measure was calculated using the listed window dimensions 
7
 Each measure was calculated as an average for the listed ROI dimensions 
8
 Each measure was calculated in a vertical direction (denoted by a Y), a horizontal direction 
  (denoted by a X) or as an average of both directions (denoted by a -) 
 
Details of the image processing used to derive these measures are presented in Chapter 5 
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Each remotely sensed variable was derived as a mean value across a number of different 
spatial areas, referred to as ROIs (see Section 5.5).  Remotely sensed variables were derived 
for individual image spectral bands and combinations of different bands.  For each measure 
derived from a GLCM the pixel window size used to calculate the matrix was varied, as outlined 
in Section 5.4.4.  The direction that the pixel window was moved, referred to as a shift, was also 
varied.  The GLCM was derived in either a vertical direction (X shift), horizontal direction (Y 
shift), or as an average of both directions (- shift), as outlined in Table 7.4 and Table 7.5.  This 
same terminology is used throughout the remaining chapters. 
 
Due to the large number of remotely sensed variables that were derived from the imagery, 
correlations between these variables were examined to identify cohorts of correlated remotely 
sensed variables.  For both sensors, each group of remotely sensed measures (such as MVIs, 
mean spectral reflectance, contrast, homogeneity, and second moment) were, in general, 
strongly correlated (rs > 0.70, p > 0.01) with each other.  Remotely sensed variables were 
initially divided into cohorts based on individual measures, as listed in Table 7.4 and Table 7.5.  
Correlations between these cohorts were then used to eliminate associated variables from 
further analysis. 
 
All MVIs derived from SPOT 5 imagery were strongly correlated (rs > 0.70, p > 0.01).  All MVIs 
that were derived from Ikonos imagery using an ROI smaller than 52m were strongly correlated 
(rs > 0.70, p > 0.01).  MVIs are calculated using similar data (such as red and NIR reflectance), 
so a strong correlation between different MVIs is expected as the different indices manipulate 
the same original information using slightly different calculations (see Section 2.2.3).  Previous 
studies have also found strong correlations between MVIs such as the NDVI, EVI, SAVI and 
ARVI (Kaufman and Tanré 1992, Huete et al. 1997, Nagler et al. 2001, Huete et al. 2002).  
While there are demonstrated relationships between some MVIs, others such as the SAVI and 
the EVI respond differently over some land cover types (Huete et al. 2002), indicating 
correlations between MVIs may not be consistent across landscapes. 
 
Different MVIs have also been found to respond more markedly to different vegetation features.  
For example, indices such as the NDVI and ARVI are sensitive to variations in leaf chlorophyll 
content and fPAR (Huete et al. 1997, Jensen 2000, Huete et al. 2002, Liang 2004), while 
indices such as the EVI and the SARVI are more sensitive to changes in leaf morphology, LAI, 
and biomass (see Section 2.2.3) (Huete et al. 1997, Huete et al. 2002).  Observed differences in 
values between MVIs have also been noted.  For example, the NDVI values have been found to 
be consistently higher than the EVI values across different vegetation types, however values of 
the NDVI become saturated at higher levels while the EVI does not (Huete et al. 1997, Huete et 
al. 2002).   
 
The strength of correlation between MVIs changed as the difference between ROI size 
increased.  For example, MVIs derived from Ikonos imagery using small (4m and 12m) and 
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large (52m and 68m) were not strongly correlated but were statistically significant (rs < 0.40, p > 
0.5).  This is an illustration of the MAUP issue (see Section 3.2), which represents the sensitivity 
of data analysis to the sampling units used to collect data or pixel size (Bian 1997, Walsh et al. 
1997, Hay et al. 2003, Jones et al. 2006).  Variation in results have been shown to occur when 
the scale of the analysis is held constant, but the sampling areas are aggregated in different 
ways, or boundary locations are altered (Doll et al. 2006, Jones et al. 2006).  MVIs derived 
different sensors were also less strongly correlated with each other (rs < 0.50, p > 0.01), due to 
differences in the spectral and spatial resolution between the sensors (see Section 5.2).   
 
A GLCM, which is a matrix of relative pixel value frequencies, can be used to derive texture 
features from an image (see Section 5.4.4) (Tso and Mather 2001).  Individual GLCM measures 
(such as correlation, homogeneity and variance) were strongly correlated with each other (rs > 
0.70, p > 0.01) regardless of window size, ROI size or shift used to calculate the measure.  St-
Louis et al (2006) also found some GLCM texture measures, such as entropy, second moment 
and contrast, were highly correlated regardless of the window size used to calculate the 
measure.   
 
Texture measures such as correlation and entropy derived from Ikonos imagery were strongly 
correlated with each other (rs > 0.60, p > 0.01), while second moment was strongly correlated 
with both homogeneity and entropy (rs > 0.75, p > 0.01).  Contrast and variance derived from 
SPOT 5 imagery were very strongly correlated (rs > 0.90, p > 0.01); variance and dissimilarity 
were also strongly correlated (rs > 0.70, p > 0.01).  While individual GLCM measures can be 
strongly correlated, other studies have considered only one or two of these measures in a single 
study, or analysed each measure individually, to reduce the influence of this correlation between 
texture measures (Johansen and Phinn 2004, Kayitakire et al. 2006). 
 
7.4.2 Identification of a core set of remotely sensed variables for core vegetation attributes 
 
Correlations between vegetation attributes and remotely sensed variables were included to 
eliminate unsuitable variables from further analysis, as described in Section 7.2.2.  For each 
core vegetation attribute (identified in Section 7.3.1) strongly correlated remotely sensed 
variables (rs > 0.40) were identified.  Within each cohort of remotely sensed variables (identified 
in Section 7.4.1) the remotely sensed variable with the strongest correlation coefficient was 
selected for inclusion in further analysis.  This analysis (1) identified a core set of remotely 
sensed variables for each vegetation attribute and (2) excluded strongly correlated remotely 
sensed variables from this core set.  This process also identified vegetation attributes that were 
not strongly correlated with any remotely sensed variables. The work presented in this section 
addresses RQ 2. 
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Of the 21 core vegetation attributes, several were not strongly correlated (rs < 0.40) with any 
remotely sensed variables.  These attributes were excluded from further analysis as they could 
not be recovered from multi-spectral remotely sensed variables with an acceptable level of 
accuracy.   
 
Vegetation attributes that were not strongly correlated with any remotely sensed variables were: 
− grass cover, 
− bare ground, 
− exposed rock, 
− all understorey and exotic species cover, 
− organic litter cover, 
− hollow-bearing trees, 
− stem density (61-80cm DBH), and 
− stem density (>80cm DBH). 
 
Previous studies using multi-spectral remotely sensed data have also shown some of these 
vegetation attributes were not strongly correlated with remotely sensed data (see Section 2.3).  
A limitation of multi-spectral remotely sensed data, such as SPOT 5 and Ikonos, is that features 
which occur below a canopy layer, such as organic litter, do not contribute to the spectral 
reflectance recorded by a sensor.  While information of land cover surfaces such as bare 
ground and exposed rock can be assessed using remotely sensed data (Wallace and Campbell 
1998), these assessments can be confounded by overhanging vegetation.   
 
The assessment of understorey vegetation can also be affected by canopy cover in a similar 
manner.  Recovery of these types of attributes from multi-spectral remotely sensed data can 
therefore be difficult.  The direct recovery of some attributes, such as hollow-bearing trees, are 
not considered feasible using multi-spectral remotely sensed data because of the nature of the 
attribute and in some cases surrogate measures, such as canopy dimensions or stem DBH, are 
used to represent these variables (see Section 2.3) (Gibbons and Lindenmayer 2002).  The 
exclusion of these attributes from further analysis created a core set of 12 vegetation attributes.  
Site condition scores (see Section 7.3.3) were included in further analysis.  A summary of core 
sets of remotely sensed variables for each of the core vegetation attributes is presented below. 
 
A summary of remotely sensed variables correlated with canopy per cent foliage cover is given 
in Table 7.6.  Canopy per cent foliage cover was associated (rs > 0.40) with mean pixel values, 
MVIs, and mean values derived from a GLCM.  The SR derived from both sensors was 
correlated with measures of canopy per cent foliage cover.  The SARVI, derived from Ikonos 
imagery, was also strongly correlated with this vegetation attribute.  This index could not be 
derived from SPOT 5 imagery, which is a spectral resolution limitation of this sensor (see 
Section 5.2.1). 
 - 132 - 
 
For both sensors, mean spectral reflectance measured in the visible portion of the EMS were 
strongly correlated with canopy cover.  Reflectance recorded by these bands is influenced by 
chlorophyll pigments (see Section 2.2.1).  SWIR reflectance, recorded by the SPOT 5 sensor, 
was also strongly correlated with canopy per cent foliage cover.  This band records data 
influenced by a water absorption feature in the electromagnetic spectrum. 
 
Table 7.6.  Core set of remotely sensed variables with Spearman rank correlation coefficients 
(rs), correlated with canopy per cent foliage cover for SPOT 5 and Ikonos sensors 
 
Sensor Remotely sensed variable ROI rs 
SR 30m 0.49** 
Mean spectral reflectance (Band 1) 30m -0.50** 
Mean spectral reflectance (Band 2) 30m -0.52** 
SPOT 5 
Mean spectral reflectance (Band 4) 30m -0.58** 
 
SR 52m 0.48** 
SARVI 52m 0.48** 
GLCM Mean (Band 2, 5 x 5 window, - shift) 12m -0.46** 
Ikonos 
GLCM Mean (Band 3, 5 x 5 window, - shift) 12m -0.45** 
** p<0.01, * p<0.05 
 
Spearman rank correlation coefficients obtained for understorey cover attributes were weaker 
than those obtained for other vegetation attributes such as stem density.  This was expected 
due to the nature of the vegetation assessed during this study, the sparse understorey cover 
present at many sites, and the influence of drought across the study area.  Interestingly, 
correlation coefficients obtained for understorey cover attributes were of similar strength to 
those obtained for canopy per cent foliage cover (Table 7.6).  This reflects the general nature of 
the vegetation in the study area.   
 
The spectral reflectance recorded by a sensor is a spatial integration of spectral reflectance 
from all material within a given area, not necessarily distinguishing between canopy and 
understorey cover (see Section 2.3.2).  Across the study area, woodland vegetation types were 
dominant (see Section 4.2).  Woodland vegetation sampled in the study area had a mean 
canopy per cent foliage cover of 21%.  These lower levels of canopy cover expose a large 
amount of understorey vegetation, which consequently contribute a considerable influence on 
the spectral reflectance recorded by a sensor. 
 
A summary of remotely sensed variables correlated with midstorey, shrub and other ground 
species cover is given in Table 7.7.  The cover of this composite cover attribute was assessed 
as the presence or absence of any of these understorey components (see Table 6.4).  Mean 
spectral reflectance, derived from a GLCM, was strongly correlated with midstorey, shrub and 
other ground species cover.  Additional texture measures derived from SPOT 5 imagery were 
also strongly correlated with midstorey, shrub and other ground species cover including 
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variance, contrast, dissimilarity, and correlation.  Only one additional texture measure derived 
from Ikonos imagery, correlation, was strongly correlated with midstorey, shrub and other 
ground species cover. 
 
Table 7.7.  Core set of remotely sensed variables with Spearman rank correlation coefficients 
(rs), correlated with midstorey, shrub, and other ground species cover for SPOT 5 and Ikonos 
sensors  
 
Sensor Remotely sensed variable ROI rs 
SR 70m 0.43** 
GLCM Mean (Band 1, 7 x 7 window, X shift) 70m -0.54** 
GLCM Mean (Band 2, 7 x 7 window, X shift) 70m -0.55** 
GLCM Variance (Band 3, 7 x 7 window, X shift) 70m -0.46** 
GLCM Correlation (Band 3, 3 x 3 window, Y shift) 70m -0.41** 
GLCM Contrast (Band 3, 7 x 7 window, Y shift) 70m -0.44** 
SPOT 5 
GLCM Dissimilarity (Band 3, 7 x 7 window, Y shift) 70m -0.42** 
 
GLCM Mean (Band 3, 17 x 17 window, - shift) 68m -0.47** 
GLCM Mean (Band 4, 17 x 17 window, - shift) 68m -0.54** 
Ikonos 
GLCM Correlation (Band 4, 5 x 5 window, - shift) 68m -0.42** 
** p<0.01, * p<0.05 
 
A summary of remotely sensed variables correlated with shrub and other ground species cover 
is given in Table 7.8.  Mean spectral reflectance, derived from a GLCM, was strongly correlated 
with shrub and other ground species cover.  Additional texture measures derived from SPOT 5 
imagery were also strongly correlated with shrub and other ground species cover including 
variance and dissimilarity.  No additional texture measures derived from Ikonos imagery were 
strongly correlated with shrub and other ground species cover.   
 
Table 7.8.  Core set of remotely sensed variables with Spearman rank correlation coefficients 
(rs), correlated with shrub and other ground species cover for SPOT 5 and Ikonos sensors 
 
Sensor Remotely sensed variable ROI rs 
GLCM Mean (Band 1, 7 x 7 window, X shift) 70m -0.56** 
GLCM Mean (Band 2, 7 x 7 window, X shift) 70m -0.58** 
GLCM Variance (All bands, 7 x 7 window, X shift) 70m -0.47** 
SPOT 5 
GLCM Dissimilarity (Band 4, 7 x 7 window, - shift) 70m -0.42** 
 
SARVI 68m 0.45** 
GLCM Mean (Band 2, 17 x 17 window, X shift) 68m -0.53** 
GLCM Mean (Band 3, 17 x 17 window, X shift) 68m -0.54** 
Ikonos 
GLCM Mean (Band 4, 17 x 17 window, X shift) 68m -0.57** 
** p<0.01, * p<0.05 
 
A summary of remotely sensed variables correlated with native vegetation cover is given in 
Table 7.9.  Mean spectral reflectance values were strongly correlated with native vegetation 
cover.  However, when grass cover was excluded from native vegetation cover calculations, 
additional remotely sensed variables were correlated with vegetation cover.  The strength of 
 - 134 - 
correlations between native vegetation cover and remotely sensed variables also increased 
(Table 7.10).  Grass cover across the study area was highly variable, with drought conditions 
and the presence of grazing stock leading to considerable discrepancies in grass cover 
between the time of image acquisition and time of ground data collection.  This variability may 
have impacted the correlation between remotely sensed variables and attributes that 
incorporate measures of grass cover. 
 
Table 7.9.  Core set of remotely sensed variables with Spearman rank correlation coefficients 
(rs), correlated with native vegetation cover for SPOT 5 and Ikonos sensors 
 
Sensor Remotely sensed variable ROI rs 
Mean spectral reflectance (Band 1) 10m -0.45** 
Mean spectral reflectance (Band 2) 10m -0.47** 
GLCM Mean (Band 1, 7 x 7 window, X shift) 70m -0.44** 
SPOT 5 
GLCM Mean (Band 4, 7 x 7 window, X shift) 70m -0.45** 
 
GLCM Mean (Band 1, 17 x 17 window, X shift) 68m -0.49** 
GLCM Mean (Band 2, 17 x 17 window, X shift) 68m -0.46** 
GLCM Mean (Band 3, 17 x 17 window, X shift) 68m -0.43** 
Ikonos 
GLCM Mean (All bands, 17 x 17 window, X shift) 68m -0.44** 
** p<0.01, * p<0.05 
 
A summary of remotely sensed variables correlated with native vegetation cover (excluding 
grass) is given in Table 7.10.  In addition to mean spectral reflectance values, a number of MVIs 
were also correlated with native vegetation cover (excluding grass).  Texture measures 
including correlation and second moment derived from Ikonos imagery were correlated with this 
attribute.  Additional texture measures derived from SPOT 5 imagery were not correlated with 
native vegetation cover (excluding grass). 
 
Table 7.10.  Core set of remotely sensed variables with Spearman rank correlation coefficients 
(rs), correlated with native vegetation cover (excluding grass cover) for SPOT 5 and Ikonos 
sensors 
 
Sensor Remotely sensed variable ROI rs 
SR 30m 0.58** 
GLCM Mean (Band 1, 3 x 3 window, - shift) 30m -0.68** 
GLCM Mean (Band 2, 3 x 3 window, - shift) 10m -0.69** 
SPOT 5 
GLCM Mean (Band 4, 3 x 3 window, - shift) 10m -0.69** 
 
SARVI 68m 0.63** 
GLCM Mean (Band 3, 17 x 17 window, - shift) 68m -0.64** 
GLCM Mean (All bands, 17 x 17 window, Y shift) 52m -0.63** 
GLCM Second Moment (Band 4, 3 x 3 window, X shift) 68m -0.46** 
Ikonos 
GLCM Correlation (Band 4, 5 x 5 window, X shift) 68m -0.48** 
** p<0.01, * p<0.05 
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A summary of remotely sensed variables correlated with exotic species cover is given in Table 
7.11.  Similar to trends identified above, mean spectral reflectance from both sensors was 
strongly correlated with exotic species cover.  Texture measures derived from the Ikonos 
imagery, such as correlation, were also correlated with exotic species cover.  Texture measures 
derived from SPOT 5 imagery were not strongly correlated with exotic species cover, which is a 
similar trend to that identified for native vegetation cover (excluding grass). 
 
Table 7.11.  Core set of remotely sensed variables with Spearman rank correlation coefficients 
(rs), correlated with exotic species cover for SPOT 5 and Ikonos sensors 
 
Sensor Remotely sensed variable ROI rs 
GLCM Mean (Band 1, 7 x 7 window, - shift) 10m 0.56** 
GLCM Mean (Band 2, 7 x 7 window, - shift) 10m 0.52** 
SPOT 5 
GLCM Mean (All bands, 7 x 7 window, - shift) 30m 0.52** 
 
SARVI 68m 0.44** 
GLCM Mean (Band 2, 13 x 13 window, - shift) 52m 0.50** 
GLCM Mean (All bands, 3 x 3 window, - shift) 52m 0.48** 
Ikonos 
GLCM Correlation (Band 4, 5 x 5 window, - shift) 68m 0.59** 
** p<0.01, * p<0.05 
 
A summary of remotely sensed variables correlated with native species richness is given in 
Table 7.12.  Native species richness was correlated with a number of different cohorts of 
remotely sensed variables including mean spectral reflectance derived from a GLCM, MVIs, and 
several other texture measures derived from a GLCM.  Mean spectral reflectance derived from 
a GLCM were more strongly correlated with native species richness than MVIs.  A number of 
additional texture measures derived from a GLCM using Ikonos imagery were also correlated 
with native species richness, however, additional texture measures derived from SPOT 5 
imagery were not strongly correlated with native species richness, following a similar trend to 
that identified for measures of vegetation cover. 
 
Table 7.12.  Core set of remotely sensed variables with Spearman rank correlation coefficients 
(rs), correlated with native species richness for SPOT 5 and Ikonos sensors 
 
Sensor Remotely sensed variable ROI rs 
NDVI 70m 0.41** 
GLCM Mean (Band 1, 7 x 7 window, X shift) 70m -0.57** 
GLCM Mean (Band 2, 7 x 7 window, X shift) 70m -0.57** 
SPOT 5 
GLCM Mean (Band 4, 7 x 7 window, X shift) 70m -0.57** 
 
SARVI 68m 0.55** 
GLCM Mean (Band 3, 17 x 17 window, - shift) 68m -0.61** 
GLCM Mean (Band 4, 17 x 17 window, - shift) 68m -0.58** 
GLCM Correlation (Band 3, 3 x 3 window, X shift) 52m -0.46** 
Ikonos 
GLCM Homogeneity (Band 4, 17 x 17 window, Y shift) 68m -0.42** 
** p<0.01, * p<0.05 
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A summary of remotely sensed variables associated with stem density (≤ 5cm DBH) is given in 
Table 7.13.  Stem density (≤ 5cm DBH) was strongly correlated with mean spectral reflectance 
derived from both sensors.  In a similar pattern to that identified above, additional texture 
measures derived from Ikonos imagery were also strongly correlated with stem density (≤ 5cm 
DBH) but additional texture measures derived from SPOT 5 imagery were not. 
 
Table 7.13.  Core set of remotely sensed variables with Spearman rank correlation coefficients 
(rs), correlated with stem density (≤ 5cm DBH) for SPOT 5 and Ikonos sensors 
 
Sensor Remotely sensed variable ROI rs 
GLCM Mean (Band 1, 7 x 7 window, Y shift) 30m -0.51** 
GLCM Mean (Band 2, 7 x 7 window, Y shift) 30m -0.52** 
SPOT 5 
GLCM Mean (Band 3, 5 x 5 window, Y shift) 10m -0.47** 
 
GLCM Mean (Band 4, 7 x 7 window, - shift) 52m -0.55** 
GLCM Mean (Band 3, 13 x 13 window, - shift) 52m -0.49** 
GLCM Correlation (Band 4, 5 x 5 window, - shift) 68m -0.47** 
Ikonos 
GLCM Second Moment (Band 4, 3 x 3 window, - shift) 68m -0.40** 
** p<0.01, * p<0.05 
 
A summary of remotely sensed variables correlated with log length is given in Table 7.14.  Log 
length was correlated with mean spectral reflectance values derived from both SPOT 5 and 
Ikonos imagery.  Log length was also correlated with the SARVI.  Other texture measures were 
not strongly correlated with log length. 
 
Table 7.14.  Core set of remotely sensed variables with Spearman rank correlation coefficients 
(rs), correlated with log length cover for SPOT 5 and Ikonos sensors 
 
Sensor Remotely sensed variable ROI rs 
GLCM Mean (Band 1, 3 x 3 window, - shift) 30m -0.50** 
GLCM Mean (Band 3, 7 x 7 window, - shift) 10m -0.49** 
SPOT 5 
GLCM Mean (All bands, 5 x 5 window, - shift) 10m -0.50** 
 
SARVI 52m 0.41** 
GLCM Mean (Band 2, 7 x 7 window, - shift) 68m -0.44** 
GLCM Mean (Band 4, 7 x 7 window, - shift) 12m -0.43** 
Ikonos 
GLCM Mean (All bands, 7 x 7 window, - shift) 20m -0.45** 
** p<0.01, * p<0.05 
 
Stem density attributes were correlated with a range of remotely sensed variables such as 
MVIs, and GLCM texture measures including mean, variance, dissimilarity, and contrast.  
Summaries of remotely sensed variables correlated with stem density (41-60cm DBH), stem 
density (> 5cm DBH), and stem density (live stems) are given in Table 7.15, Table 7.16, and 
Table 7.17 respectively.  Mean spectral reflectance, derived from a GLCM, was strongly 
correlated with measures of stem density.  Mean spectral reflectance measured in the green 
and red visible portions of the EMS were very strongly correlated with measures of stem 
density, particularly when data extracted from SPOT 5 imagery were used.  Additional texture 
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measures such as homogeneity, second moment, and correlation, were also strongly 
associated with measures of stem density. 
 
Table 7.15.  Core set of remotely sensed variables with Spearman rank correlation coefficients 
(rs), correlated with stem density (41-60cm DBH) for SPOT 5 and Ikonos sensors 
 
Sensor Remotely sensed variable ROI rs 
GLCM Mean (Band 1, 5 x 5 window, Y shift) 70m -0.46** 
GLCM Mean (Band 3, 7 x 7 window, Y shift) 70m -0.52** 
SPOT 5 
GLCM Mean (Band 4, 7 x 7 window, Y shift) 50m -0.45** 
 
GLCM Mean (Band 3, 17 x 17 window, Y shift) 52m -0.44** 
GLCM Homogeneity (Band 4, 17 x 17 window, X shift) 68m -0.49** 
Ikonos 
GLCM Second Moment (Band 4, 7 x 7 window, X shift) 68m -0.47** 
** p<0.01, * p<0.05 
 
Table 7.16.  Core set of remotely sensed variables with Spearman rank correlation coefficients 
(rs), correlated with stem density (> 5cm DBH) for SPOT 5 and Ikonos sensors 
 
Sensor Remotely sensed variable ROI rs 
GLCM Mean (Band 1, 3 x 3 window, - shift) 30m -0.74** 
GLCM Mean (Band 2, 3 x 3 window, - shift) 30m -0.75** 
GLCM Contrast (Band 3, 7 x 7 window, - shift) 70m -0.52** 
GLCM Variance (Band 3, 5 x 5 window, Y shift) 70m -0.51** 
GLCM Homogeneity (Band 2, 3 x 3 window, Y shift) 10m 0.41** 
SPOT 5 
GLCM Second Moment (All bands, 5 x 5 window, Y shift) 30m 0.43** 
 
SARVI 68m 0.62** 
GLCM Mean (Band 4, 7 x 7 window, - shift) 52m -0.69** 
GLCM Mean (All bands, 13 x 13 window, - shift) 20m -0.68** 
GLCM Correlation (Band 4, 5 x 5 window, X shift) 68m -0.77** 
Ikonos 
GLCM Second Moment (Band 4, 3 x 3 window, X shift) 68m -0.66** 
** p<0.01, * p<0.05 
 
Table 7.17.  Core set of remotely sensed variables with Spearman rank correlation coefficients 
(rs), correlated with stem density (live stems) for SPOT 5 and Ikonos sensors 
 
Sensor Remotely sensed variable ROI rs 
GLCM Mean (Band 1, 3 x 3 window, - shift) 30m -0.72** 
GLCM Mean (Band 2, 3 x 3 window, - shift) 30m -0.73** 
GLCM Mean (All bands, 3 x 3 window, - shift) 30m -0.73** 
GLCM Contrast (Band 1, 3 x 3 window, - shift) 10m -0.47** 
SPOT 5 
GLCM Variance (Band 3, 3 x 3 window, - shift) 70m -0.49** 
 
GLCM Mean (All bands, 13 x 13 window, - shift) 52m -0.67** 
GLCM Correlation (Band 4, 5 x 5 window, - shift) 68m -0.75** 
GLCM Second Moment (Band 4, 3 x 3 window, X shift) 68m -0.64** 
GLCM Homogeneity (Band 4, 17 x 17 window, Y shift) 68m -0.60** 
Ikonos 
GLCM Entropy (Band 4, 3 x 3 window, X shift) 68m 0.59** 
** p<0.01, * p<0.05 
 
 
 - 138 - 
A summary of remotely sensed variables associated with site condition scores is given in Table 
7.18.  It is interesting to note that MVIs (the SR, the NDVI, and the SAVI) derived from SPOT 5 
imagery were strongly correlated (rs = 0.56-0.57, p > 0.01) with BioMetric site condition scores.  
However the same suite of multi-spectral vegetation indices, derived from Ikonos imagery, were 
less strongly correlated with BioMetric site condition scores (rs = 0.42-0.43, p > 0.01).  SARVI 
was strongly correlated with BioMetric site condition scores (rs = 0.62, p > 0.01).  However, this 
index could not be derived from SPOT 5 imagery as it requires spectral reflectance recorded in 
the blue visible portion of the EMS (see Sections 2.2.3 and 5.2.1). 
 
Mean spectral reflectance values, derived from a GLCM matrix, were more strongly correlated 
with BioMetric site condition scores than MVIs for both sensors.  Other GLCM texture 
measures, such as correlation, were also associated with BioMetric site condition scores.  
GLCM texture measures, other than mean spectral reflectance, were more strongly correlated 
with BioMetric site condition scores when Ikonos imagery was used. 
 
Table 7.18.  Core set of remotely sensed variables with Spearman rank correlation coefficients 
(rs), correlated with BioMetric site condition scores for SPOT 5 and Ikonos sensors 
 
Sensor Remotely sensed variable ROI rs 
SR 70m 0.57** 
NDVI 70m 0.56** 
GLCM Mean (Band 1x2x3, 3 x 3 window, - shift) 30m -0.70** 
SPOT 5 
GLCM Correlation (Band 4, 3 x 3 window, Y shift) 50m 0.42** 
 
SARVI 68m 0.62** 
GLCM Mean (Band 3x4, 7 x 7 window, - shift) 52m -0.68** 
Ikonos 
GLCM Correlation (Band 3, 3 x 3 window, X shift) 52m -0.57** 
** p<0.01, * p<0.05 
 
7.4.3 Exploratory analysis of core remotely sensed variables 
 
From the above analyses, 33 core remotely sensed variables derived from Ikonos imagery and 
41 core remotely sensed variables derived from SPOT 5 imagery were identified.  Descriptive 
statistics for these remotely sensed variables are given in Appendix 4. 
 
Mean spectral reflectance values derived from both sensors are important remotely sensed 
variables, and were strongly correlated with many core vegetation attributes.  A wide variety of 
studies have used spectral reflectance values from remotely sensed data to derive vegetation 
attribute information such as canopy cover (Huang et al. 2001, Gibbons and Boak 2002, 
Golevitch et al. 2002, Armston et al. 2004, Carreiras et al. 2006, Lucas et al. 2006, Estes et al. 
2008), stem density (Wallerman and Holmgren 2007, Estes et al. 2008), species richness 
(Armitage et al. 2000, Paterson et al. 2001), and habitat complexity (incorporating measures of 
canopy cover, understorey cover and coarse woody debris) (Coops and Catling 1997).  While 
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reflectance values from all bands provide information about vegetation, NIR reflectance has 
been shown to provide substantial information for specific vegetation attributes such as species 
richness and cover (Coops and Catling 1997, Armitage et al. 2000).  NIR reflectance values are 
also often utilised to derive MVIs (see Section 2.2.3). 
 
MVIs have been developed to provide information on a range of vegetation characteristics.  For 
this study, both the SARVI and the SR derived from Ikonos imagery were strongly correlated 
with a number of different core vegetation attributes.  Two MVIs derived from SPOT 5 imagery, 
the NDVI and the SR, were included in the set of core remotely sensed variables.  The utility of 
individual MVIs has been shown to be study specific (see Section 2.2.3).   
 
The variety of MVIs that have been published, the influence of sensor calibration, and the 
variability of results between studies, emphasises the importance of selecting appropriate 
indices from a suite of MVIs that are appropriate for specific studies (Johansen and Phinn 2004, 
RSI 2005, Carreiras et al. 2006, Jiang et al. 2006).  The NDVI is one of the most widely utilised 
MVIs, and has been used to recover measures of canopy cover, vegetation type, and habitat 
complexity (incorporating measures of canopy cover, understorey cover and coarse woody 
debris attributes) (Golevitch et al. 2002, Johansen and Phinn 2004, Mehner et al. 2004, Lassau 
et al. 2005, Carreiras et al. 2006).  Other vegetation indices such as EVI and SAVI have also 
been utilised (Nagler et al. 2001, Johansen and Phinn 2004, Carreiras et al. 2006).   
 
In addition to spectral information, texture measures derived from remotely sensed data were 
also strongly correlated with a number of vegetation attributes.  Most core texture measures 
were calculated using NIR reflectance.  Core texture measures derived from Ikonos imagery 
included correlation, entropy, homogeneity and second moment.  These texture measures were 
largely derived using a 17 x 17 window, which corresponds approximately with the size of a field 
site (see Section 6.2.2).  Core textural measures derived from SPOT 5 imagery included 
contrast, correlation, dissimilarity, and variance.   
 
GLCM texture measures such as contrast, dissimilarity and homogeneity are strongly correlated 
with vegetation structural attributes (Johansen et al. 2007).  Kayitakire et al (2006) also found 
contrast derived from a GLCM was strongly correlated with measures of stem density.  For 
vegetation cover and some stem density attributes, GLCM texture measures derived from 
Ikonos imagery were more strongly correlated than those derived from SPOT 5 imagery.  This 
reflects differences in the spatial resolution of the two sensor’s, which has been found to be an 
important determinant of the usefulness of texture measures for this type of analysis (Zawadzki 
et al. 2005, Kayitakire et al. 2006, Johansen et al. 2007, Rocchini 2007). 
 
The collection of ground data that corresponds with the spatial resolution of remotely sensed 
data enhances the utility of ground data (see Section 3.2) (Brogaard and Ólafsdóttir 1997, 
Nagler et al. 2001, McCoy 2005).  The predominant ROI sizes used to calculate the identified 
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core remotely sensed variables in this study reflects this.  Most ROI sizes used with Ikonos 
imagery were either 52m or 68m, corresponding with the site size dimensions used to measure 
vegetation attributes (see Section 6.2).  These dimensions also corresponded with the range 
identified from the semivariograms derived for Ikonos and SPOT 5 imagery (see Section 6.2.1).  
Core remotely sensed variables were derived from SPOT 5 imagery using a range of ROI sizes.  
Most ROI sizes were either 50m or 70m, corresponding with site size dimensions, similar to 
those derived from Ikonos imagery. 
7.5 Conclusion  
 
This chapter examines associations between remotely sensed variables (as described in 
Chapter 5) and vegetation attributes measured in the field (as described in Chapter 6).  The 
work presented in this chapter addresses RQ 2: 
Which remotely sensed variables (both spectral and textural measures) correlate best 
with vegetation condition attributes? 
 
A total of 42 stand-level vegetation attributes were derived from site assessments (Table 6.9).  
A core set of vegetation attributes was determined using a correlation matrix, which identified 
associations between vegetation attributes (Table 7.1).  This analysis identified 21 core 
vegetation attributes.  Core vegetation attributes included measures of canopy per cent foliage 
cover, understorey cover, species richness, stem density and coarse woody debris.  A 
composite site vegetation condition score (BioMetric) was also included in this set of core 
vegetation attributes. 
 
A large number of variables were derived from remotely sensed data.  The aim of the second 
stage of analysis was to reduce the number of remotely sensed variables that were considered 
for further analysis.  This was achieved using a correlation matrix, and identified which remotely 
sensed variables were strongly correlated with core vegetation condition attributes.  Mean 
spectral reflectance and texture measures, such as correlation and homogeneity, were identified 
as important variables associated with vegetation attributes.  MVIs such as the NDVI, the SR 
and the SARVI were also highlighted in this analysis. 
 
This stage of the analysis (1) identified a core set of remotely sensed variables for each 
vegetation attribute and (2) excluded strongly correlated remotely sensed variables from this 
core set.  This process also identified vegetation attributes that were not strongly correlated with 
any remotely sensed variables.  This analysis highlighted the strengths and weaknesses of 
multi-spectral remotely sensed data in this area of research.  Eight vegetation attributes were 
identified that were not strongly correlated with any remotely sensed variables and were 
excluded from further analysis.  The remaining 13 vegetation attributes (12 individual vegetation 
attributes and site condition scores) were then used to derive regression models using remotely 
sensed variables as independent terms.  This work is presented in the following chapter. 
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8 Recovery of vegetation condition attributes from multi-spectral remotely 
sensed data 
 
8.1 Introduction 
 
This chapter examines the recovery of vegetation condition attributes from multi-spectral 
remotely sensed data based on statistical relationships between vegetation attributes and 
remotely sensed variables.  The core sets of vegetation attributes and remotely sensed 
variables identified in Chapter 7 are used in this analysis.  An outline of the chapter is shown in 
Figure 8.1.  The statistical methods used at each stage of the analysis are outlined in Section 
7.2.   
 
The work presented in this chapter addresses RQ 3: 
What is the utility of multi-spectral remote sensing data in providing estimates of 
vegetation condition attributes? 
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Figure 8.1.  Outline of Chapter 8, illustrating links to previous analyses presented in Chapter 7 
 
 - 142 - 
 
8.2 Outline of statistical methods used 
 
Following the analyses undertaken in Chapter 7, a third stage of analysis was undertaken to 
determine relationships between core stand-level vegetation attributes and remotely sensed 
variables.   
 
Regression analysis is a commonly used approach to quantifying relationships between ground 
and remotely sensed data (Means et al. 1999, Huang et al. 2001, Golevitch et al. 2002, Wylie et 
al. 2002, Lee et al. 2003, Johansen and Phinn 2004, Gallo et al. 2005, Carreiras et al. 2006, 
Doll et al. 2006, Kayitakire et al. 2006).   
 
Multiple regression is used to incorporate several different remote sensing variables into the 
regression equation, and has been used in previous studies linking remotely sensed data and 
vegetation attributes (Golevitch et al. 2002, Austin et al. 2003, Johansen and Phinn 2004, 
Kayitakire et al. 2006, Pesonen et al. 2008).  Multiple linear regression is a parametric statistical 
approach.  This approach requires data follow a normal distribution.  The distribution of the data 
was assessed using visual plots (histogram and normal Q-Q plots) and a Shapiro-Wilk test for 
normality.  Data transformations were applied where required to ensure the data approximated 
a normal distribution.  The general multiple linear regression equation form is shown in Equation 
8.1. 
 
y = a + b1X1 + b2X2 + …bnXn 
8.1 
 
Stepwise multiple linear regression can be used to determine the most appropriate variables to 
include in an equation (Lefsky et al. 1999, Carreiras et al. 2006, Hair et al. 2006), and was used 
in this study.   
 
All linear regression models presented in this section were statistically significant (p< 0.01).  
Independent variables were included in linear regression models based on F-test values and 
were statistically significant (p< 0.05).  Data transformations were applied to variables as 
indicated, to ensure data approximated a normal distribution.  The distribution of residual values 
for each regression model was examined to indicate whether these data followed a normal 
distribution.  All model residuals approximated a normal distribution.  Correlation between 
independent variables was also examined to ensure strongly correlated independent variables 
were not included (see Section 7.4).  The number of independent variables was also considered 
to ensure the morel did not over-fit the data. 
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The results of a regression model are reported in terms of an r2 value, which is the amount of 
variation explained by the regression (Dytham 2003).  Where a number of different equations 
are derived, the appropriateness of a regression equation can be assessed using adjusted r2 
values.  An adjusted r2 value takes into account the number of independent variables included 
in the model, and the sample size (Hair et al. 2006, Zuur et al. 2007).  This value is used to 
compare different regression models.   
 
The standard error of the estimate (SEE) for the regression equation is also presented for each 
equation.  The SEE is a measure of the dispersion of values around the regression line and is a 
measure of the variation between predicted and observed values of the dependent variable.  
The SEE can be used to calculate confidence intervals for a regression equation.  A plot of 
model residuals was examined to ensure residuals followed a normal distribution.  This was 
used to assess the appropriateness of linear modelling for a particular attribute.  The number of 
independent terms in each model was also considered to ensure the model did not over fit the 
data.   
 
Poisson regression is a commonly used approach for count data which does not conform to a 
normal distribution, such as the number of native species (Dytham 2003, Zuur et al. 2007).  
Poisson regression is also known as a log-linear model, and is calculated as a generalised 
linear model with a logarithm link function.  The goodness-of-fit is evaluated using the Pearson 
chi-square statistic.  The general Poisson regression equation form is given in Equation 8.2.   
 
Log (E(y)) = a + b1X1 + b2X2 + …bnXn 
8.2 
All statistical analyses were undertaken using SPSS 15.0 software. 
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8.3 Relationships between vegetation attributes and remotely sensed variables  
 
Regression modelling was used to relate stand-level vegetation attributes to remotely sensed 
variables.  A core set of vegetation attributes and relevant sets of remotely sensed for each of 
these vegetation attributes was identified during a preliminary analysis of the data (see Sections 
7.3 and 7.4).  These attributes are used to derive regression models, as outlined in Section 8.2.  
The work presented in this section addresses RQ 3. 
 
8.3.1 Regression models derived for core vegetation attributes 
 
Two regression models, one derived using variables from each sensor, are presented for each 
vegetation attribute.  The different sensors were examined separately to allow the influence of 
spatial, spectral, and radiometric resolution differences between the sensors (see Section 5.2) 
to be examined.  The adjusted r2 value was used to compare different regression models.  
Unstandardised coefficient values are reported for each model.  The SEE for each regression 
equation is also presented.   
 
In addition to using remotely sensed variables calculated from a single sensor to derive 
regression models, they were also derived using variables derived from both Ikonos and SPOT 
5 sensors.  These models are presented to demonstrate the extent to which the two different 
sources of data could provide complementary information for a single vegetation attribute. 
 
A summary of these regression models is presented below; detailing the variables included in 
the regression equations, the r2 and adjusted r2 values for each model, and the SEE for each 
model.  A summary of regression models derived for individual vegetation attributes for each 
sensor is presented in Table 8.1.  A summary of regression models derived for site condition 
scores for each sensor is presented in Table 8.2.  A summary of regression models 
incorporating variables derived from both sensors for selected vegetation attributes is presented 
in Table 8.3. 
 
 
  
Table 8.1.  Summary of linear regression models derived for core individual vegetation attributes, including independent variables, r2 values, adjusted r2 
values, and standard error estimates for each sensor 
 
Core vegetation attribute Sensor Regression equation r2 Adj. r2 SEE 
SPOT 5 y = 29.83 + 44.12a – 129.28b 
   y = canopy per cent foliage cover 
   a = Log10((Mean Spectral Reflectance Band 1 x 2, 30m ROI) +1) 
   b = Log10((Mean Spectral Reflectance Band 4, 10m ROI) +1) 
0.38 0.36 7.70 Canopy per cent foliage 
cover (%) 
Ikonos y = 0.01 + 104.13a 
   y = canopy per cent foliage cover 
   a = Log10((SARVI, 52m ROI) +1) 
0.24 0.23 8.47 
SPOT 5 y = 14.33 – 9.42a – 0.01b 
   y = √ (midstorey, shrub and other ground species cover + 0.5) 
   a = Log10 ((GLCM Mean, Band 2, 7 x 7 window, X shift, 70m ROI) +1) 
   b = GLCM Correlation, Band 3, 3 x 3 window, Y shift, 70m ROI 
0.41 0.40 1.78 Midstorey, shrub and other 
ground species cover (%) 
Ikonos y = 14.45 – 2.80a – 0.02b 
   y = √ (midstorey, shrub and other ground species cover + 0.5) 
   a = √ ((GLCM Mean, Band 4, 17 x 17 window, - shift, 68m ROI) + 0.5) 
   b = GLCM Correlation, Band 4, 5 x 5 window, - shift, 68m ROI 
0.29 0.27 1.96 
SPOT 5 y = 3.94 – 2.56a 
   y = Log10 (shrub and other ground species cover + 1) 
   a = Log10 ((GLCM Mean, Band 2, 7 x 7 window, X shift, 70m ROI) +1) 
0.37 0.36 0.36 Shrub and other ground 
species cover (%) 
Ikonos y = 2.33 – 0.09a 
   y = Log10 (shrub and other ground species cover + 1) 
   a = GLCM Mean, Band 4, 17 x 17 window, X shift, 68m ROI 
0.30 0.29 0.45 
SPOT 5 y = 141.93 – 1.44a 
   y = native vegetation cover 
   a = Mean Spectral Reflectance Band 1, 10m ROI 
0.23 0.23 17.65 Native vegetation cover 
(%) 
Ikonos y = 130.78 – 3.77a 
   y = native vegetation cover 
   a = GLCM Mean, Band 2, 17 x 17 window, X shift, 68m ROI 
0.17 0.16 18.36 
Native vegetation cover 
(excluding grass cover) 
(%) 
SPOT 5 y = 244.85 – 47.58a 
   y = native vegetation cover (excluding grass cover) 
   a = √ ((Mean Spectral Reflectance Band 4, 10m ROI) + 0.5) 
0.50 0.49 19.26 
  
Core vegetation attribute Sensor Regression equation r2 Adj. r2 SEE 
Native vegetation cover 
(excluding grass cover) 
(%) 
Ikonos y = 39.25 + 79.10a – 137.68b 
   y = native vegetation cover (excluding grass cover) 
   a = SARVI, 68m ROI 
   b = GLCM Second Moment, Band 4, 3 x 3 window, X shift, 68m ROI 
0.46 0.45 20.08 
SPOT 5 y = -2.77 + 2.28a – 1.16b 
   y = √ exotic species cover + 0.5 
   a = GLCM Mean, Band 1, 7 x 7 window, - shift, 10m ROI 
   b = GLCM Mean, Band 2, 7 x 7 window, - shift, 10m ROI 
0.53 0.52 1.97 Exotic species cover (%) 
Ikonos y = 10.11 – 4.85a + 0.39b – 5.76c 
   y = √ exotic species cover + 0.5 
   a = -Log10 ((GLCM Correlation, Band 4, 5 x 5 window, X shift, 68m ROI) +1) 
   b = Mean Spectral Reflectance Band 1, 52m ROI 
   c = √ ((GLCM Mean, All bands, 3 x 3 window, - shift, 52m ROI) + 0.5) 
0.49 0.47 2.07 
SPOT 5 y = 7.81 – 5.57a 
   y = Log10 (stem density (≤ 5cm DBH) +1) 
   a = Log 10 ((GLCM Mean, Band 4, 7 x 7 window, - shift, 52m ROI) +1) 
0.37 0.35 0.50 Stem density (≤ 5cm DBH) 
(stems 0.25 ha-1) 
Ikonos y = 15.17 – 7.11a – 5.71b + 1.34c 
   y = Log10 (stem density (≤ 5cm DBH) +1) 
   a = GLCM Mean, Band 1, 7 x 7 window, Y shift, 30m ROI 
   b = GLCM Mean, Band 2, 7 x 7 window, Y shift, 30m ROI 
   c = GLCM Mean, Band 3, 5 x 5 window, Y shift, 10m ROI 
0.31 0.30 0.52 
SPOT 5 y = 495.27 – 325.92a 
   y = √ (log length + 0.5) 
   a = Log10 ((GLCM Mean, Band 3, 7 x 7 window, - shift, 10m ROI) +1) 
0.25 0.24 18.62 Log length (cm 0.25 ha-1) 
Ikonos y = 352.70 – 226.47a 
   y = √ (log length + 0.5) 
   a = Log10 ((GLCM Mean, Band 4, 7 x 7 window, - shift, 12m ROI) +1) 
0.19 0.18 19.36 
SPOT 5 y = 1.56 – 0.28a 
   y = Log10 (stem density (41 – 60cm DBH) +1) 
   a = √ ((GLCM Mean, Band 4, 7 x 7 window, Y shift, 50m ROI) + 0.5) 
0.26 0.25 0.27 Stem density (41-60cm 
DBH) (stems 0.25 ha-1) 
Ikonos y = 1.01 – 4.85a 
   y = Log10 (stem density (41 – 60cm DBH) +1) 
   a = Log10 ((GLCM Homogeneity, Band 4, 17 x 17 window, X shift, 68m ROI) +1) 
0.25 0.24 0.27 
  
Core vegetation attribute Sensor Regression equation r2 Adj. r2 SEE 
SPOT 5 y = 3.56 – 0.61a – 0.25b – 3.58 + 0.72d 
   y = Log10 (stem density (>5cm DBH) +1) 
   a = √ ((GLCM Mean, Band 1, 3 x 3 window, - shift, 30m ROI) +0.5) 
   b = GLCM Variance, Band 3, 5 x 5 window, Y shift, 70m ROI 
   c = GLCM Second Moment, All bands, 5 x 5 window, Y shift, 30m ROI 
   d = GLCM Homogeneity, Band 2, 3 x 3 window, Y shift, 10m ROI 
0.67 0.66 0.28 Stem density (> 5 DBH) 
(stems 0.25 ha-1) 
Ikonos y = 1.53 + 0.91a – 1.36b 
   y = Log10 (stem density (>5cm DBH) +1) 
   a = -Log10 ((GLCM Correlation, Band 4, 5 x 5 window, X shift, 68m ROI) +1) 
   b = Log10 ((GLCM Mean, All bands, 13 x 13 window, - shift, 20m ROI) +1) 
0.70 0.70 0.27 
SPOT 5 y = 4.88 – 0.81a – 0.02b 
   y = Log10 (stem density (live stems) +1) 
   a = √ ((GLCM Mean, All bands, 3 x 3 window, - shift, 30m ROI) + 0.5) 
   b = GLCM Contrast, Band 3, 5 x 5 window, X shift, 50m ROI 
0.61 0.60 0.35 Stem density (live stems) 
(stems 0.25 ha-1) 
Ikonos y = 2.46 + 0.95a -  2.09b 
   y = Log10 (stem density (live stems) +1) 
   a = -Log10 ((GLCM Correlation, Band 4, 5 x 5 window, X shift, 68m ROI) +1) 
   b = Log10 ((GLCM Mean, All bands, 13 x 13 window, - shift, 52m ROI) +1) 
0.69 0.68 0.31 
 
 
Table 8.2.  Summary of linear regression models derived for BioMetric site condition scores, including independent variables, r2 values, adjusted r2 
values and standard error estimates for each sensor 
 
Sensor Regression equation r2 Adj. r2 SEE 
SPOT 5 y = 130.69 – 25.34a – 3.03b 
   y = site condition score 
   a = Log10 ((GLCM Mean, Band 1x2x3, 3 x 3 window, - shift, 30m ROI) +1) 
   b = -Log10 ((GLCM Correlation, Band 4, 3 x 3 window, Y shift, 50m ROI) +1) 
0.48 0.47 8.85 
Ikonos y = 113.86 – 40.87a + 11.42b 
   y = site condition score 
   a = Log10 ((GLCM Mean, Band 3x4, 7 x 7 window, - shift, 52m ROI) +1) 
   b = -Log10 ((GLCM Correlation, Band 3, 3 x 3 window, X shift, 52m ROI) +1) 
0.53 0.51 8.49 
 
  
Table 8.3.  Summary of linear regression models incorporating variables from both sensors for selected core vegetation attributes, including 
independent variables, r2 values, adjusted r2 values and standard error estimates 
 
Core vegetation attribute Regression equation r2 Adj. r2 SEE 
Native vegetation cover 
(excluding grass cover) 
(%) 
y = 226.48 – 37.64a – 125.34b 
   y = native vegetation cover (excluding grass cover) 
   a = SPOT 5 √ ((Mean Spectral Reflectance Band 4, 10m ROI) + 0.5) 
   b = Ikonos GLCM Second Moment, Band 4, 3 x 3 window, X shift, 68m ROI 
0.54 0.53 18.58 
Exotic species cover (%) y = 3 – 2.58a + 1.84b – 0.99c 
   y = √ exotic species cover + 0.5 
   a = Ikonos -Log10 ((GLCM Correlation, Band 4, 5 x 5 window, X shift, 68m ROI) +1) 
   b = SPOT 5 GLCM Mean, Band 1, 7 x 7 window, - shift, 10m ROI 
   c = SPOT 5 GLCM Mean, Band 2, 7 x 7 window, - shift, 10m ROI 
0.58 0.56 1.88 
Stem density (41-60cm 
DBH) (stems 0.25 ha-1) 
y = 1.45 – 0.17a – 2.71b 
   y = Log10 (stem density (41-60cm DBH) +1) 
   a = SPOT 5 √ ((GLCM Mean, Band 4, 7 x 7 window, Y shift, 50m ROI) + 0.5) 
   b = Ikonos Log10 ((GLCM Homogeneity, Band 4, 17 x 17 window, X shift, 68m ROI) +1) 
0.30 0.28 0.26 
Stem density (> 5 DBH) 
(stems 0.25 ha-1) 
y = 1.27 + 0.74a – 0.28b – 0.02c 
   y = Log10 (stem density (>5cm DBH) +1) 
   a = Ikonos -Log10 ((GLCM Correlation, Band 4, 5 x 5 window, X shift, 68m ROI) +1) 
   b = SPOT 5 √ ((GLCM Mean, Band 1, 3 x 3 window, - shift, 30m ROI) +0.5) 
   c = SPOT 5 GLCM Variance, Band 3, 5 x 5 window, Y shift, 70m ROI 
0.76 0.75 0.24 
Stem density (live stems) 
(stems 0.25 ha-1) 
y = 1.94 + 0.78a – 0.36b – 0.02c 
   y = Log10 (stem density (live stems) +1) 
   a = Ikonos -Log10 ((GLCM Correlation, Band 4, 5 x 5 window, X shift, 68m ROI) +1) 
   b = SPOT 5 √ ((GLCM Mean, All bands, 3 x 3 window, - shift, 30m ROI) + 0.5) 
   c = SPOT 5 GLCM Contrast, Band 3, 5 x 5 window, X shift, 50m ROI 
0.74 0.73 0.29 
BioMetric site condition 
scores 
y = 95.19 – 21.65a + 11.90b 
   y = site condition score 
   a = SPOT 5 Log10 ((GLCM Mean, Band 1x2x3, 3 x 3 window, - shift, 30m ROI) +1) 
   b = Ikonos -Log10 ((GLCM Correlation, Band 3, 3 x 3 window, X shift, 52m ROI) +1) 
0.55 0.54 8.27 
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As discussed in Section 2.3, the ability of multi-spectral remotely sensed data to provide 
measures of vegetation attributes can be highly variable.  This is demonstrated in Table 8.1.  
Adjusted r2 values for regression models derived for vegetation attributes such as stem density 
were much higher than those derived for vegetation attributes such as log length.  This reflects 
findings from other studies, which have also reported lower correlation between multi-spectral 
remotely sensed data and coarse woody debris components compared with other vegetation 
attributes (see Section 2.3.2).  For each core vegetation attribute, the regression model with the 
highest adjusted r2 value also had the smallest reported SEE value (Table 8.1 - Table 8.3).  This 
suggests that these models could predict values of vegetation attributes with a higher degree of 
accuracy.  In some cases, such as stem density (>5cm DBH) and exotic species the difference 
in SEE value was minimal. 
 
Scatterplots of measured and predicted attribute values for native vegetation cover (excluding 
grass), stem density (> 5cm DBH), and BioMetric site condition scores are shown in Figure 8.2.  
These plots shown the field measurements taken for each attribute and the predicted 
measurements derived from the regression models presented in Table 8.1.   
 
Vegetation cover was measured both in different strata (canopy and understorey cover 
components) and as an overall measure of vegetation cover across a site (see Section 6.3.3).  
Adjusted r2 values for models of vegetation cover ranged from 0.16 to 0.52.  Many different 
MVIs have been used to provide estimates of vegetation cover (see Section 2.2.3), with their 
usefulness demonstrated at different spatial scales and across different vegetation communities 
(Elmore et al. 2000, Johansen and Phinn 2004, Carreiras et al. 2006, Johansen and Phinn 
2006).  However, the strength of relationships between measures of vegetation cover and MVIs 
has been shown to be variable (see Section 2.2.3).  For this study, the vegetation index SARVI, 
derived from Ikonos imagery, was an important independent variable for multiple vegetation 
attributes.  No MVIs derived from SPOT 5 imagery were incorporated in vegetation cover 
regression models.   
 
Mean spectral reflectance recorded in the green visible portion of the EMS was a significant 
variable from both sensors.  Mean spectral reflectance from the NIR portion of the EMS derived 
from Ikonos imagery was an important variable, while red and SWIR mean spectral reflectance 
derived from SPOT 5 imagery were also important (see Section 7.4).  Other studies have found 
mean spectral reflectance values, particularly red and SWIR reflectance, were strongly 
correlated with measures of vegetation cover (Golevitch et al. 2002, Armston et al. 2004, 
Carreiras et al. 2006, Lucas et al. 2006, Coulter and Stow 2009).  As an alternative to multi-
spectral imagery, other studies have also explored the use of airborne laser scanning 
technology to derive estimates of vegetation cover across different vegetation strata, however 
these estimates apply over relatively small extents compared with the imagery used in this 
study, due to the nature of these alternative data (Witte et al. 2000, Weller et al. 2001).   
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1a
Adj. r2 = 0.45 Adj. r2 = 0.52
1b
 
 
2a
Adj. r2 = 0.70 Adj. r2 = 0.66
2b2a 2b
dj. r2 = 0.70 dj. r2 = 0.66
 
 
3a
Adj. r2 = 0.51 Adj. r2 = 0.47
3b
 
 
Figure 8.2.  A comparison of measured and predicted values of (1) native vegetation condition 
(excluding grass), (2) stem density (> 5cm DBH), and (3) site condition scores.  Predicted 
values derived from Ikonos and SPOT 5 data (labelled a and b respectively) are shown.  
Predicted values are derived from regression models documented in Table 8.1 and Table 8.2. 
Adjusted r2 values for each model are shown.  Solid lines shown on the graphs represent a 1:1 
fit line   
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Image texture measures derived from multi-spectral sensors such as Ikonos and SPOT have 
also shown to be correlated with measures of vegetation cover, and have been used either 
singly or in combination with spectral reflectance measures (Johansen and Phinn 2004, 2006, 
Estes et al. 2008).  GLCM texture measures such as correlation and second moment were 
included in several vegetation cover regression models derived for this study, demonstrating 
their utility for vegetation assessment. 
 
Regression models for stem density (> 5cm DBH) and stem density (live stems) had the highest 
adjusted r2 values of all stem density measures, ranging from 0.60 to 0.70 (Table 8.1).  Other 
studies have also demonstrated the utility of multi-spectral remotely sensed data for estimating 
stem density in a variety of vegetation communities and landscapes (Kayitakire et al. 2006, 
Wallerman and Holmgren 2007, Estes et al. 2008).  The use of alternative remotely sensed data 
such as airborne laser scanner data and digital videography have been shown to improve 
estimates of stem density in some landscapes (Weller et al. 2001, Wallerman and Holmgren 
2007).  Measures of mean spectral reflectance from both sensors, including an average of all 
spectral reflectance and NIR reflectance, were important independent variables for measures of 
stem density.  Texture measures, including homogeneity (derived from both sensors) and 
correlation (derived from Ikonos imagery) were also included in several regression models for 
stem density attributes.   
 
Adjusted r2 values for stem density (≤ 5cm DBH) were considerably lower than those for stem 
density (> 5cm DBH) and stem density (live stems) (0.30 – 0.35) (Table 8.1).  The difficulty of 
assessing regeneration using multi-spectral imagery has been acknowledged in several other 
studies and alternative approaches, such as mapping structural classes based on growth stage 
or the use of other remote sensing technologies have been explored (Weller et al. 2001, Lucas 
et al. 2006, Johansen et al. 2007).  The difficulty of assessing regeneration using multi-spectral 
remotely sensed imagery is compounded as regenerating saplings, or trees with a small stem 
DBH (≤ 5cm), often occur below the canopy, and therefore contribute little to the spectral 
reflectance recorded by the sensor (see Section 2.2.1). 
 
Other vegetation attributes, such as log length, are also difficult to assess using multi-spectral 
imagery as they typically occur beneath a canopy layer, limiting the spectral information 
contributed by these features.  Alternative sources of remotely sensed data such as airborne 
laser scanner data, radar, and aerial photography have been used to assess these types of 
attributes (see Section 2.3.2) (Austin et al. 2003, Pesonen et al. 2008). 
 
Regression models were also derived for site condition scores (Table 8.2), incorporating 
measures of several vegetation attributes (see Section 7.3.3), demonstrating the ability of multi-
spectral remotely sensed data to provide measures of multiple vegetation attributes 
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simultaneously.  Other studies have also demonstrated the use of remote sensing imagery 
(such as CASI II (an airborne hyper-spectral sensor) data) for the prediction of habitat 
complexity indices or vegetation condition metrics, either using remote sensing imagery as a 
single data source or incorporating the imagery within a spatial modelling framework to 
supplement other sources of spatial data (Coops and Catling 1997, Lassau et al. 2005, Zerger 
et al. 2009). 
 
Adjusted r2 values derived for vegetation cover attributes from SPOT 5 imagery were 
consistently higher than those derived from Ikonos imagery.  However, adjusted r2 values 
derived for stem density attributes derived from SPOT 5 imagery were consistently lower than 
those derived from Ikonos imagery (Table 8.1).  This suggests that differences in the spatial and 
spectral resolution of the two sensors meant that the Ikonos imagery was able to produce 
variables more strongly correlated with measures of vegetation physical structure, while SPOT 5 
imagery was able to produce variables more strongly correlated with measures of vegetative 
cover.  The influences of sensor characteristics on relationship between remotely sensed data 
and vegetation attributes is further explored in the following chapter. 
 
Linear regression models using remotely sensed variables from both sensors were also 
calculated to assess the improvement in adjusted r2 values using two sources of data, with 
varying spatial, radiometric and spectral resolutions, compared with a single data source.  For 
several vegetation attributes, regression models based on data from a single sensor had higher 
adjusted r2 values than models incorporating data from both sensors.  This demonstrates the 
complementary nature that information derived using different spatial, spectral and radiometric 
properties can have in this of assessment.  These vegetation attributes were: 
− canopy per cent foliage cover 
− midstorey, shrub, and other ground species cover, 
− shrub and other ground species cover, 
− native vegetation cover, 
− stem density (≤ 5cm DBH), and 
− log length. 
 
For these vegetation attributes, regression models based on SPOT 5 variables had the highest 
adjusted r2 values, except the regression model derived for stem density (≤ 5cm DBH), which 
has the highest adjusted r2 value when variables from Ikonos imagery were used (Table 8.1).  
For the remaining vegetation attributes, regression models derived using variables from both 
SPOT 5 and Ikonos sensors produced slightly higher adjusted r2 values than models using 
variables from a single sensor.   
 
Regression models derived using variables from both sensors are summarised in Table 8.3.  
For each of these combined models, the included variables derived from Ikonos imagery were 
GLCM texture measures such as correlation, second moment and homogeneity.  Most of the 
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SPOT 5 variables incorporated in these models were mean spectral reflectance values, though 
two texture measures (contrast and variance) were also incorporated in the models. 
 
The number of native species was modelled using a Poisson regression equation, as shown in 
Table 8.4.  These models used mean spectral reflectance recorded in the red bands of both 
sensors.  Regression models derived for both sensors were statistically significant (p< 0.01) and 
each independent term included in the model was statistically significant (p< 0.05).   
 
The assessment of species richness from remotely sensed data has been approached in 
several different ways (see Section 2.3.4).  The spectral resolution of sensors and temporal 
issues have been found to influence the utility of remotely sensed data for the assessment of 
species richness (Davidson and Csillag 2001, Mehner et al. 2004)  Armitage et al (2000) found 
a relationship between NIR reflectance and floristic composition, but found the relationship was 
influenced more by the phenological characteristics of the dominant species, not floristic 
composition per se.  Other studies have demonstrated a relationship between spectral 
reflectance and plant species richness (Gould 2000, Carter et al. 2005, Levin et al. 2007, Lucas 
et al. 2008).   
 
Table 8.4.  Summary of regression models derived for native species richness, including 
independent variables and Pearson χ2 values for each sensor 
 
Sensor Regression equation Pearson χ2 
SPOT 5 Ln (y) = 2.94 – 0.44a 
   y = native species richness 
   a = GLCM Mean, Band 2, 7 x 7 window, X shift, 70m ROI 
115.16 
Ikonos Ln (y) = 2.85 – 0.08a – 0.01b 
   y = native species richness 
   a = GLCM Mean, Band 3, 17 x 17 window, - shift, 68m ROI 
   b = GLCM Correlation, Band 3, 3 x 3 window, X shift, 52m ROI 
105.31 
 
 
8.3.2 Recovery of vegetation attributes from multi-spectral remotely sensed data 
 
The results documented in Section 8.3.1 demonstrate the variable utility of multi-spectral 
remotely sensed data for the recovery of vegetation condition attributes.  Some vegetation 
attributes, such as stem density, were strongly related to various remotely sensed variables.  
Others, such as log length, were only weakly correlated with multi-spectral remotely sensed 
data.  Alternative remote sensing technologies, such as LiDAR, airborne laser scanner data and 
aerial photography have been shown to be more appropriate for the assessment of these 
vegetation attributes, as highlighted in Section 2.3.  However, the nature of these data currently 
limits the application of these technologies across regional scales and therefore their utility for 
broad scale assessment of vegetation condition.  Some vegetation attributes, such as hollow-
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bearing trees, were not correlated with any remotely sensed variables, as documented in 
Section 7.4.2.   
 
Texture variables have been shown to improve the strength of relationships between remotely 
sensed data and vegetation attributes (see Section 2.2.2).  This is demonstrated here, with 
several different texture measures incorporated in regression models, depending on the 
vegetation attribute.  The number of texture measures incorporated in regression models was 
higher for stem density measures compared with measures of vegetation cover.   
 
The usefulness of the texture measures included in regression models is influenced by the 
spatial resolution of the sensors (see Section 2.2.2).  For example, Kayitakire et al (2006) found 
texture measures derived from panchromatic Ikonos imagery (which has a spatial resolution of 
1m) were strongly correlated with measures of stem density, but the strength of the relationship 
decreased when multi-spectral Ikonos imagery (which has a spatial resolution of 4m) was used.  
This is also demonstrated in this study, as more texture measures derived from Ikonos imagery 
(which has a spatial resolution of 4m) were incorporated compared with texture measures 
derived from SPOT 5 imagery (which has a spatial resolution of 10m). 
 
Interestingly adjusted r2 values for canopy cover and understorey cover were similar.  The 
spectral reflectance recorded by a sensor represents a spatial integration of spectral reflectance 
from all material within a given area, not necessarily distinguishing between canopy and 
understorey cover components (see Section 2.3.2).  Woodland vegetation types sampled in this 
area had a mean canopy cover of 21%, which exposes a greater proportion of understorey 
vegetation than in other vegetation types with denser canopy cover.   
 
This greater exposure of understorey vegetation would increase the influence of understorey 
vegetation on the spectral reflectance recorded by remote sensing platforms, leading to smaller 
differences between spectral reflectance associated between canopy and understorey cover.  
The influence of understorey vegetation reflectance on the relationship between remotely 
sensed data and vegetation cover measurements has been noted in other studies (Colombo et 
al. 2003, Carreiras et al. 2006, Johansen and Phinn 2006).  The influence of understorey 
vegetation is further emphasised by the higher adjusted r2 values obtained when total 
vegetation cover was considered.   
 
The adjusted r2 values obtained for native vegetation cover excluding grass cover were higher 
than those obtained for native vegetation cover including grass (Table 8.1).  Adjusted r2 values 
for native vegetation cover excluding grass cover were 0.49 and 0.45 using SPOT 5 and Ikonos 
data respectively.  Adjusted r2 values for native vegetation cover including grass cover were 
0.23 and 0.16 using SPOT 5 and Ikonos data respectively.   
 
 
 - 155 - 
Grass cover across the study area was highly variable, with drought conditions and the 
presence of grazing stock (observed on approximately 80% of sites surveyed) leading to 
discrepancies in grass cover between the time of image acquisition and time of ground 
sampling.  The variable nature of grass cover within the study area during the time of ground 
data acquisition is demonstrated in Figure 8.3.  These photographs show the change in grass 
cover, within one paddock over a period of four months, due to the introduction of grazing stock 
to the area.  This impact may contribute to the unreliability of field-based grass cover estimates 
at some sites, impacting the derived relationship between grass cover (and attributes 
incorporating grass cover) and remotely sensed variables.  
 
 
 
Figure 8.3.  An illustration of the variable grass cover throughout the study area.  The 
photographs were taken in different areas of the same paddock.  Photograph b was taken 
approximately 4 months after photograph a, after grazing stock had been introduced to the 
paddock  
 
In addition to the prediction of canopy per cent foliage cover, several other approaches for 
assessing cover have been applied using remotely sensed data.  Where the remotely sensed 
data have an appropriate spatial resolution, individual tree crowns have been delineated from 
the imagery and characterised individually (Paterson et al. 2001, Culvenor 2002, Leckie et al. 
2003, Holmgren and Persson 2004, Wulder et al. 2008).  This approach is referred to as an 
object-orientated approach, as opposed to the pixel-based assessment methods used in this 
study.  An alternative pixel-based approach is the production of a binary classification, 
identifying pixels as either canopy or not canopy cover.  This classification is then used to 
characterise tree canopy cover across areas within the image (Huang et al. 2001, Gibbons and 
Boak 2002, Ludwig et al. 2002, Morales et al. 2008).  The utility of alternative approaches for 
assessing canopy cover from multi-spectral remotely sensed data is documented in Section 9.6. 
 
Although the utility of multi-spectral remotely sensed data was variable for the recovery of 
specific vegetation attributes, these data are still able to provide regional scale vegetation 
condition information.  The results presented above demonstrate that composite site condition 
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scores could be recovered from multi-spectral remotely sensed data, as shown in Figure 8.2.  
The adjusted r2 values for regression models between site condition scores and remotely 
sensed data ranged from 0.47 to 0.54 (Table 8.2and Table 8.3).  These results are comparable 
to other studies which have linked various other measures of vegetation condition to either 
remotely sensed data (Coops and Catling 1997, Ludwig et al. 2002, Coulter and Stow 2009) or 
other sources of spatial data (Newell et al. 2006, Zerger et al. 2006, Gibbons et al. 2007, Zerger 
et al. 2009). 
 
In addition to composite site condition scores, other individual attributes used as surrogate 
measures for vegetation condition were recovered from multi-spectral remotely sensed data.  In 
particular, three vegetation attributes were shown to be strongly related to remotely sensed 
variables: 
− Native vegetation cover (excluding grass cover), 
− Stem density (> 5cm DBH), and 
− Stem density (live stems).  
 
These vegetation attributes represent potential surrogate measures of vegetation condition that 
can be recovered from multi-spectral remotely sensed data, in addition to composite scores of 
vegetation condition.  While these attributes represent a subset of the vegetation attributes used 
to assess vegetation condition at a site scale (see Section 2.3.1), they are strongly correlated 
with a number of other vegetation attributes such as canopy cover, site condition scores and 
regeneration (Table 8.5).  These associations could be used to enhance the utility of estimates 
of these three individual vegetation attributes as regional surrogate measures of vegetation 
condition, supplementing more detailed information supplied for a wider range of vegetation 
attributes at a site scale. 
 
Table 8.5.  Summary of adjusted r2 values for three vegetation attributes (documented in Table 
8.1 - Table 8.3) and correlation of these three vegetation attributes with other vegetation 
attributes (documented in Table 7.1 and Table 7.3) 
 
Vegetation attribute Adj. r2 range Correlation with other vegetation 
attributes (rs) 
Canopy per cent foliage cover (0.73) Native vegetation cover 
(excluding grass cover) 
0.45 – 0.53 
Canopy per cent crown cover (0.93) 
Stem density (> 5 cm DBH) 0.66 – 0.75 Site condition scores (0.65) 
Site condition scores (0.71) Stem density (live stems) 0.60 – 0.73 
Stem density (≤ 5cm DBH) (0.77) 
 
8.4 Conclusion 
 
This chapter documents relationships between core vegetation attributes and remotely sensed 
variables using regression analysis.  The determination of core vegetation attributes and 
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remotely sensed variables used in this analysis is documented in Chapter 7.  This preliminary 
stage of the analysis (1) identified a core set of remotely sensed variables for each vegetation 
attribute and (2) excluded strongly correlated remotely sensed variables from this core set.  This 
process also identified vegetation attributes that were not strongly correlated with any remotely 
sensed variables.  From the analysis presented in Section 7.3, 13 core vegetation attributes 
were identified. 
 
Initially two regression models, one derived using data for each sensor, were derived for each 
core vegetation attribute.  The different sensors were examined separately to allow the influence 
of spatial, spectral, and radiometric resolution differences between the sensors to be examined.  
This work is further explored in the following chapter.  All regression models developed in this 
chapter showed significant (p<0.01) relationships between vegetation attributes and remotely 
sensed variables, although the strength of these relationships varied (Table 8.1 and Table 8.2).  
Adjusted r2 values for models derived for vegetation cover attributes ranged from 0.16 to 0.52.  
Adjusted r2 values for models derived for stem density attributes ranged from 0.24 to 0.70.  
Adjusted r2 values for regression models derived for site vegetation condition scores were 0.47 
and 0.51 (SPOT 5 data and Ikonos data respectively).   
 
Linear regression models using remotely sensed variables from both sensors were also 
calculated to assess the improvement in adjusted r2 values using two sources of data, with 
varying spatial, radiometric and spectral resolutions, compared with data from a single data 
source.  For several vegetation attributes, regression models based on data from a single 
sensor had higher adjusted r2 values than models incorporating data from both sensors.  Other 
vegetation attributes, such as exotic species cover, showed a stronger relationship with 
remotely sensed variables when data from the two sensors were combined (Table 8.3).  Three 
vegetation attributes (native vegetation cover (excluding grass cover), stem density (> 5cm 
DBH), and stem density (live stems)) were strongly related to remotely sensed variables, and 
could be useful surrogate measures of vegetation condition at regional scales. 
 
While regression models can be used to derive statistical relationships between ground-based 
measurements and remotely sensed data, there are many different factors that influence these 
relationships.  Sensor characteristics, such as spatial, spectral, and temporal resolution, can 
have a considerable influence on the type of information that is derived from remotely sensed 
data (see Section 5.2.1).  Spatial data quality issues, such as those reviewed in Chapter 3, also 
affect the relationship between ground-based measurements and remotely sensed data.  The 
influence of these issues is explored through a series of case studies, which are presented in 
the following chapter.  
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9 The effect of sensor characteristics and spatial data quality issues on 
relationships between remotely sensed data and vegetation attributes 
 
9.1 Introduction 
 
This chapter presents a series of case studies that are used to explore factors that influence 
relationships between vegetation attributes measured in the field and remotely sensed data.  
The influence of sensor characteristics such as spatial, temporal, spectral, and radiometric 
resolution (see Section 5.2.1), are examined.  Several spatial data quality issues, which were 
initially reviewed in Chapter 3, are also incorporated into this analysis.  Those explicitly 
examined are site homogeneity, spatial scale and attribute measurement.  For the purposes of 
the following case studies, results presented in Chapters 7 and 8 are further manipulated to 
illustrate key points.  An outline of Chapter 9, demonstrating links to previous analyses 
presented in Chapters 7 and 8, is shown in Figure 9.1. 
 
The work presented in this chapter addresses RQ 4: 
What is the influence of remote sensing platform characteristics and key spatial data 
quality issues on the utility of multi-spectral remote sensing in providing estimates of 
vegetation condition attributes? 
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Figure 9.1.  Outline of Chapter 9, highlighting links to previous analyses  
presented in Chapters 7 and 8 
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9.2 The influence of spatial scale and spatial resolution 
 
This case study presented an opportunity to explore the effect of spatial scale on the strength of 
correlations derived between remotely sensed data and vegetation attributes.  The influence of 
spatial resolution, and the effect on image analysis and classification, is well recognised 
(Marceau et al. 1994b, Phinn et al. 2003).  Spatial scale, and its influence on remote sensing 
studies, is reviewed in Section 3.2.  The spatial resolution, or pixel size, of remotely sensed 
imagery, and the spatial area used to collect ground reference data, are two key features of 
spatial resolution that are considered in this study (see Chapter 6).   
 
Collection of ground data that corresponds with the spatial resolution of remotely sensed data 
enhances the utility of that ground data and is a key challenge for remote sensing projects 
(Brogaard and Ólafsdóttir 1997, Davidson and Csillag 2001, Nagler et al. 2001, McCoy 2005).  
The spatial resolution of the remotely sensed imagery influences the scale at which ground 
measurements are collected and the way they are recorded.  An effort was made to design the 
field protocol based on pixel sizes from the remote sensing platforms included in this project, 
and the spatial structure of the imagery, as discussed in Section 6.2.   
 
The spatial resolution of a sensor is an important feature, as it determines the detail of the 
information that can be extracted from an image (Marceau et al. 1994b).  The MAUP represents 
the sensitivity of data analysis to the definition of the sampling unit area (grain or spatial 
resolution of the sensor), and is a result of the arbitrary definition of sampling units used to 
collect and analyse data (Marceau et al. 1994b, Marceau and Hay 1999, Hay et al. 2003) (see 
Section 3.2).  This scale issue creates variation in results, such as correlations or derived 
statistical relationships between variables, when data are aggregated, or different sampling 
units are used (Marceau and Hay 1999, Dungan et al. 2002, Doll et al. 2006).  Therefore, model 
calibration and statistical models developed at one spatial scale may not be directly transferable 
to other spatial data (Milne and Cohen 1999, Jiang et al. 2006).   
 
To examine the influence of spatial scale on the regression models derived for this project 
(presented in Section 8.3), the influence of the ground area used to measure vegetation 
attributes, an example of the MAUP (see Section 3.2), was explored.  Ground data were 
collected using a methodology that allowed different spatial areas to be assessed within 
individual ground data sites (see Section 6.2).  Vegetation attributes were recalculated for 
different ground data areas using several approaches.  Stem density measurements were 
calculated for different spatial areas by scaling the densities of the variables recorded.  
Vegetation cover measurements were recorded as point intercepts along a 50m transect.  Per 
cent cover was then calculated as the total number of ‘hits’ or presences divided by the total 
number of points measured (see Section 6.3.3).  Different lengths of the transect (e.g. 12m and 
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30m) corresponding with pixel cluster dimensions were used to calculate vegetation cover 
across different spatial areas within a ground data site. 
 
The ground areas used to recalculate vegetation attributes are summarised in Table 9.1, and 
were related to the spatial extent of pixel clusters from the two sources of imagery used in this 
study (see Section 6.2).  These pixel clusters formed ROIs, which were used to extract image 
statistics, as outlined in Section 5.5.  The small discrepancies in area dimensions used between 
the two sensors are reflective of the different spatial resolution of the SPOT 5 and Ikonos 
imagery, which are 10m and 4m respectively. 
 
Table 9.1.  Areas used to derive measures of vegetation attributes and remotely sensed data, 
based on pixel clusters of SPOT 5 and Ikonos data 
 
Sensor ROI dimensions used to extract image statistics and calculate 
measures of core vegetation attributes 
SPOT 5 10m x 10m 30m x 30m 50m x 50m 
Ikonos 12m x 12m 20m x 20m 52m x 52m 
 
The linear regression models derived for core vegetation attributes (presented in Section 8.3) 
were recalculated using ground data collected over different spatial areas (summarized in Table 
9.1).  The same sets of remotely sensed variables (listed in Table 8.1) were used to recalculate 
these linear regression models.  By varying only the ground sample size used to measure 
vegetation attributes, changes in the strength of relationships that could be attributed to this 
single factor were identified.  The adjusted r2 value and SEE for each model are reported.  
 
Changes in adjusted r2 value as ground sample size is increased are presented in Table 9.2 for 
three core vegetation attributes: 
− canopy per cent foliage cover, 
− native vegetation cover (excluding grass cover), and 
− stem density (> 5cm DBH). 
 
The statistical significance of these models is also indicated.  The independent and dependent 
variables used to derive these linear regression models are given in Table 8.1.  Adjusted r2 
values increased as the ground data site area increased.  This trend was consistent for all 
vegetation attributes and results from both sensors.  The SEE for each model generally 
decreased as the adjusted r2 value and ground data site area increased, in a similar manner to 
the trends identified in Section 8.3.  The exception to this trend was stem density (> 5cm DBH).  
For this attribute, the smallest SEE values were reported for the smallest ground date site 
areas, suggesting that the attribute could be predicted with greater confidence using a smaller 
ground data site area.   
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Table 9.2.  Adjusted r2 values and standard error of the estimate for regression models derived 
for selected core vegetation attributes measured using varying ground data site areas 
 
Core vegetation 
attributes 
Sensor Ground data site area Adj. r2 SEE 
10m x 10m 0.10** 15.78 
30m x 30m 0.21** 11.87 
SPOT 5 
50m x 50m 0.36** 7.70 
12m x 12m 0.03ns 16.40 
20m x 20m 0.05*  14.23 
Canopy per cent foliage 
cover 
Ikonos 
52m x 52m 0.23** 8.46 
10m x 10m 0.24** 30.96 
30m x 30m 0.34** 25.06 
SPOT 5 
50m x 50m 0.49** 19.26 
12m x 12m 0.10** 33.53 
20m x 20m 0.15** 29.88 
Native vegetation cover 
(excluding grass cover) 
Ikonos 
52m x 52m 0.45** 20.08 
10m x 10m 0.55** 0.18 
30m x 30m 0.59** 0.32 
SPOT 5 
50m x 50m 0.66** 0.28 
12m x 12m 0.56** 0.19 
20m x 20m 0.62** 0.26 
Stem density (> 5cm DBH) 
Ikonos 
52m x 52m 0.70** 0.28 
** p<0.01, * p<0.05, ns not statistically significant 
 
The independent remotely sensed variables used to derive these linear regression models 
(Table 8.1) were selected from those that were most strongly correlated with vegetation 
attributes measured across a field site (50m x 50m or 52m x 52m area).  The process of 
determining a core set of remotely sensed variables for each core vegetation attribute is 
described in Sections 7.2.2 and 7.4.  Therefore, the observed changes in the adjusted r2 values 
as the ground sample size was altered (documented in Table 9.2) were not unexpected, and 
are an illustration of the MAUP issue. 
 
To further explore this issue, a set of core remotely sensed variables was determined for each 
vegetation attribute measured using different ground site areas.  The process used to determine 
core remotely sensed variables is outlined in Section 7.2.2.  A core remotely sensed variable 
was defined as a variable with a Spearman rank correlation coefficient (rs) of > 0.4.  A summary 
of core remotely sensed variables identified using different ground data site areas for canopy 
per cent foliage cover is presented in Table 9.3.  A summary of core remotely sensed variables 
identified using different ground data site areas for native vegetation cover (excluding grass 
cover) is presented in Table 9.4.  These two core vegetation attributes are used here to illustrate 
the influence of spatial scale and spatial resolution on associations between remotely sensed 
data and ground data. 
 
Results presented in Table 9.3 and Table 9.4 illustrate that a stronger correlation between 
ground data and remotely sensed variables exists when larger areas are sampled (such as a 
50m2 area, compared with a 10m2 area).  The observed trends are consistent between sensors 
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and were also observed for other core vegetation attributes.  Semivariograms calculated for 
both SPOT 5 and Ikonos sensors (Figure 6.2 and Figure 6.3) illustrate that for spatial scales 
below 50m there is a high variability in image object size and distribution (see Section 6.2.1).  
This may contribute to the lower correlations observed at finer spatial scales, and is an 
illustrated of the MAUP issue (see Section 3.2).   
 
These results are similar to those presented in previous studies exploring the influence of 
spatial scale on relationships between biophysical variables and remotely sensed data.  Other 
studies have also explored changes in the strength of relationships between remotely sensed 
data and vegetation attributes, noting that relationships generally strengthened as data were 
aggregated and variations present at finer spatial scales were averaged across larger areas, 
reducing variation between the different spatial data (Bian 1997, Walsh et al. 1997, Tokola 
2000, Davidson and Csillag 2001, Hyyppä and Hyyppä 2001, Hay et al. 2003, Jones et al. 2006, 
Rocchini 2007, Nijland et al. 2009). 
 
Examining the individual core remotely sensed variables determined for each ground site area 
sampled, the size of ROI used to calculate the remotely sensed variable generally increases as 
the size of the ground site area increases.  This trend is consistent between sensors.  This 
pattern illustrates the influence of consistency between sample areas when multiple sources of 
spatial data are used in a single analysis, a key issue highlighted in Section 3.2.  At the smallest 
ground data site area used, no remotely sensed variables were strongly correlated (rs > 0.4) for 
SPOT 5 data and canopy per cent foliage cover, or Ikonos data and native vegetation cover 
(excluding grass cover).   
 
Similar types of remotely sensed variables were identified as core remotely sensed variables 
across different spatial scales.  The exception to this pattern was core sets of remotely sensed 
data derived from Ikonos imagery, identified for canopy per cent foliage cover (Table 9.3).  For 
this vegetation attribute, ground measurements taken across smaller ground sample areas were 
correlated with Second Moment, a texture measure derived from a GLCM.  For canopy per cent 
foliage cover measured across larger ground data site areas, second moment was not identified 
as a core remotely sensed variable, as other variables such as mean spectral reflectance and 
SARVI more strongly correlated with the vegetation attribute. 
 
These trends illustrate the important influence spatial scale has on the utility of deriving 
vegetation attributes from remotely sensed data. The spatial scale at which ground data are 
measured impacts on the ability of studies to recover vegetation attributes from remotely sensed 
data.  This highlights the importance of either implementing a ground data collection 
methodology that is appropriate for the imagery being used in a project, taking into 
consideration the effect that spatial resolution has on results of these types of studies, or 
choosing imagery for a project that is suited to the features of interest (see Sections 3.2 and 
6.2). 
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Table 9.3.  Spearman rank correlation between remotely sensed variables and canopy per cent 
foliage cover  measured using varying ground data site areas 
 
Sensor Ground data 
site area 
Core remotely sensed variable ROI rs 
10m x 10m No core remotely sensed variables (rs > 0.4) - ns 
SR 10m 0.41** 30m x 30m 
Mean spectral reflectance (Band 4) 10m 0.42** 
SR 30m 0.49** 
Mean spectral reflectance (Band 1) 30m -0.50** 
Mean spectral reflectance (Band 2) 30m -0.52** 
SPOT 5 
50m x 50m 
Mean spectral reflectance (Band 4) 30m -0.58** 
12m x 12m GLCM Second Moment (Band 3, 3 x 3 
window, X shift) 
12m -0.43** 
20m x 20m GLCM Second Moment (Band 3, 3 x 3 
window, X shift) 
12m -0.41** 
SR 52m 0.48** 
SARVI 52m 0.48** 
GLCM Mean (Band 2, 5 x 5 window, - shift) 12m -0.46** 
Ikonos 
52 x 52m 
GLCM Mean (Band 3, 5 x 5 window, - shift) 12m -0.45** 
** p<0.01, * p<0.05, ns not statistically significant 
 
Table 9.4.  Spearman rank correlation between remotely sensed variables and native vegetation 
cover (excluding grass cover) measured using varying ground data site areas 
 
Sensor Ground data 
site area 
Core remotely sensed variable ROI rs 
Mean spectral reflectance (Band 1) 10m -0.51** 10m x 10m 
Mean spectral reflectance (Band 2) 10m -0.50** 
SR 10m 0.51** 
GLCM Mean (Band 1, 3 x 3 window, - shift) 10m -0.55** 
GLCM Mean (Band 2, 3 x 3 window, - shift) 10m -0.56** 
30m x 30m 
GLCM Mean (Band 4, 3 x 3 window, - shift) 10m -0.54** 
SR 30m 0.58** 
GLCM Mean (Band 1, 3 x 3 window, - shift) 30m -0.68** 
GLCM Mean (Band 2, 3 x 3 window, - shift) 10m -0.69** 
SPOT 5 
50m x 50m 
GLCM Mean (Band 4, 3 x 3 window, - shift) 10m -0.69** 
12m x 12m No core remotely sensed variables (rs > 0.4) - ns 
GLCM Mean (Band 2, 7 x 7 window, Y shift) 20m -0.41** 20m x 20m 
GLCM Mean (All bands, 3 x 3 window, - shift) 20m -0.41** 
SARVI 68m 0.63** 
GLCM Mean (Band 3, 17 x 17 window, - 
shift) 
68m -0.64** 
GLCM Mean (All bands, 17 x 17 window, Y 
shift) 
52m -0.63** 
GLCM Correlation (Band 4, 5 x 5 window, X 
shift) 
68m -0.48** 
Ikonos 
52 x 52m 
GLCM Second Moment (Band 4, 3 x 3 
window, X shift) 
68m -0.46** 
** p<0.01, * p<0.05, ns not statistically significant 
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9.3 The influence of temporal resolution 
 
The temporal resolution of remotely sensed data has an important influence on the spectral 
reflectance recorded within an image (see Sections 2.2.1, 3.3 and 5.2.1).  This is an important 
consideration where dynamic features are of interest such as vegetation, which vary temporally 
as well as spatially (White and Walker 1997, Landres et al. 1999, Jensen 2000, Nagendra 2001, 
ERSG 2003, Wilson et al. 2004).  Temporal variation of vegetation includes seasonal variation, 
inter-annual variation, short and long terms changes due to climatic conditions, and variation 
initiated by disturbance or successional events (White and Walker 1997, Jensen 2000, Schieck 
2002, Lawes and Wallace 2008, Coulter and Stow 2009).  In addition to the temporal variation 
of vegetation, temporal resolution also influences the acquisition of remotely sensed data in 
terms of seasonal changes in illumination geometry, affecting the spectral reflectance recorded 
by a sensor and features such as shadows.  This is an important consideration when 
differences between images are of interest, such as in multi-temporal monitoring applications, or 
adjacent images are used to create a mosaic. 
 
The influence of temporal resolution was examined using two different approaches.  The first 
case study presented below examines the influence of seasonality on the ability to spectrally 
distinguish between agricultural land and woody vegetation.  SPOT 5 images acquired over 
three seasons (spring, summer and autumn) were used.  The second case study presented in 
this section examines inter-annual differences between imagery.  Woody vegetation cover and 
extent derived from Ikonos and SPOT 5 imagery acquired several years apart are used to 
illustrate the influence of temporal discrepancies on the classification of imagery. 
 
The first case study examines the influence of seasonality on the spectral separability of land 
cover classes.  Six SPOT 5 images were acquired across the Murray CMA (Figure 5.3).  The 
acquisition dates of the SPOT 5 imagery were 30/10/2004, 26/01/2005, 19/03/2005 and 
26/05/2005 (Table 5.4).  More details of these images, including a location map, are given in 
Section 5.2.  These images represent a range of acquisition dates across several seasons, and 
were used to illustrate the effect of acquisition date on the classification of multi-spectral 
remotely sensed imagery.   
 
A supervised classification, using a maximum likelihood algorithm, was used to create a land 
cover classification of these six images.  Details of this process are given in Section 5.4.5.  ROIs 
were delineated using the ROI tool in ENVI 4.2 for agricultural land, woody vegetation and 
water.  As the images covered different geographic areas, ROIs were defined for each image 
separately.  A summary of ROIs used in this analysis is given in Table 9.5.  The number of 
pixels incorporated in the ROIs delineated for each image differs depending on the extent of 
different land covers across the image extents. 
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Table 9.5.  Summary of ROI pixel sample sizes used to determine class separability between 
agricultural land and woody vegetation 
 
Image Acquisition date Class Number of pixels used 
Woody vegetation 17,191 1 26/01/2005 
Agricultural land 13,260 
Woody vegetation 12.353 2 26/01/2005 
Agricultural land 14,376 
Woody vegetation 6,491 3 19/03/2005 
Agricultural land 16,093 
Woody vegetation 7,380 4 26/05/2005 
Agricultural land 14,546 
Woody vegetation 7,273 5 30/10/2004 
Agricultural land 10,554 
Woody vegetation 7,203 6 30/10/2004 
Agricultural land 18,508 
 
The class separability of woody vegetation and agricultural land training areas was determined 
by calculating the Jeffries-Matusita Distance, using the Class Separability Tool in ENVI 4.2.  
The Jeffries-Matusita Distance is calculated as the average distance between two class density 
functions (Richards and Jia 2006).  This statistic ranges in value from 0 to 2 (RSI 2005, 
Richards and Jia 2006).  The measure saturates at 2, indicating that the classes are wholly 
distinct from each other (Richards and Jia 2006).  Values greater than 1.9 are considered 
adequate for reliable training data for remote sensing classification purposes (RSI 2005).   
 
As shown in Table 9.6, the image acquisition date has a measurable effect on the ability to 
spectrally discriminate between agricultural land and woody native vegetation.  Two images 
from each season (spring, summer and autumn) were used in this analysis.  The lowest class 
separability between agricultural land and woody vegetation was found for images acquired 
during mid-spring (30/10/2004).  The Jeffries-Matusita Distance for these images was 1.75, 
which is below the recommended minimum threshold of 1.9.  This suggests that areas of woody 
vegetation and agricultural land are more likely to be misclassified using imagery acquired in 
spring than images acquired in summer or autumn.  These results also suggest that imagery 
acquired in either summer or autumn are the optimum acquisition windows for this landscape for 
discriminating woody vegetation cover. 
 
Differences between acquisition dates may be attributed to phenological changes in vegetation 
(see Section 2.2.1), including dryland and irrigated pastures, which spectrally resemble other 
growing vegetation during this time.  During summer, woody vegetation becomes more 
spectrally distinct from dryland agricultural pasture, as the latter dries during warmer months.  
These results suggest that use of imagery acquired in seasons other than spring is more useful 
for distinguishing woody vegetation in agricultural landscapes.  Imagery acquired during 
summer was used in this project. 
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Table 9.6.  Class separability of agricultural land and woody vegetation, for SPOT 5 images 
acquired in three seasons, measured using a Jeffries-Matusita Distance statistic 
 
Season Image acquisition dates Class separability of agricultural land and 
woody vegetation (Jeffries-Matusita Distance) 
Spring 30/10/2004 1.75 
Summer 26/01/2005 1.96 
Autumn 19/03/2005 and 26/05/2005 1.95 
 
The second case study looks at the influence of inter-annual variation between image 
acquisition dates.  The temporal resolution of data is an important consideration when different 
sources of imagery are used (see Section 3.3).  There was a discrepancy of several years 
between the Ikonos and SPOT 5 imagery used in this project.  Details of the imagery used are 
given in Section 5.2.  A land cover classification was generated to identify areas of woody 
vegetation present in the study area.  This woody vegetation classification was used to examine 
the extent of woody vegetation across the study area, and to evaluate changes in woody 
vegetation extent that occurred between the acquisition dates of the Ikonos and SPOT 5 
imagery (2002 and 2005 respectively).   
 
A maximum likelihood supervised classification algorithm was used to classify both images.  
ROIs were used to create training areas for the supervised classification process.  ROIs were 
delineated using the ROI tool in ENVI 4.2 for agricultural land (7,939 pixels), woody vegetation 
(4,967 pixels) and water (242 pixels) using Ikonos imagery.  The number of pixels incorporated 
into ROIs for each class depended on the extent of the land cover class within the study area.  
As the two images had the same spatial extent, the same ROIs were used to classify both 
images.   
 
Overall, 19.2% of the Ikonos imagery and 20.8% of the SPOT 5 imagery were classified as 
woody vegetation.  This suggests there was little change in total woody vegetation cover extent 
within the study area between 2002 (when the Ikonos imagery was acquired) and 2005 (when 
the SPOT 5 imagery was acquired).  However, there were some differences between the extent 
and configuration of woody vegetation classified using SPOT 5 and Ikonos imagery, which are 
illustrated in Figure 9.2.  These discrepancies were distributed randomly throughout the study 
area extent and were not concentrated in any specific areas.  These differences could be due 
either to sensor differences (such as spatial and spectral differences), errors in the classification 
of the imagery, or land cover change.  Specific areas of change are highlighted in Figure 9.3. 
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Figure 9.2.  The distribution of woody vegetation (green) and agricultural land (brown) from 
supervised classification of Ikonos imagery acquired in 2002 (image (a)) and SPOT 5 imagery 
acquired in 2005 (image (b)).  Black denotes areas classified as other land cover classes 
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Figure 9.3.  Differences between woody vegetation (green) and agricultural land (brown) extents 
between classifications derived from Ikonos imagery acquired in 2002 (images (a) and (c)) and 
SPOT 5 imagery acquired in 2005 (images (b) and (d)).  Black denotes areas classified as other 
land cover classes 
 
Discrepancies between classifications produced using the two sources of imagery are illustrated 
in Figure 9.3(a) and (b), which show the same geographical location, and Figure 9.3(c) and (d), 
which show another location.  In general, there are more areas of other land cover classes 
(denoted in black) present in the SPOT 5 imagery (Figure 9.3(b) and (d)) compared with the 
Ikonos imagery (Figure 9.3(a) and (c)).  Between the two sources of imagery, there are 
numerous small discrepancies between the extent of woody vegetation areas classified in both 
sets of images.  There are some larger areas of discrepancies.  For example two blocks of 
woody vegetation that are present in the SPOT 5 imagery (Figure 9.3(b)) are not present in the 
Ikonos imagery (Figure 9.3(a)).   
 
The extent and configuration of native vegetation within a landscape are important 
considerations in terms of biodiversity conservation (Noss 1999, Turner et al. 2001, Parkes et 
al. 2003, Gibbons et al. 2005).  Sensor characteristics, and the way that a landscape is defined, 
have acknowledged influences on the way woody vegetation and other land cover classes are 
spatially defined (Saura 2004, Radford 2005, Jones et al. 2006).  There are more areas of 
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woody vegetation located along roadsides and smaller linear vegetation features delineated in 
the Ikonos imagery (Figure 9.3(a) and (c)), with many of these features not present in the SPOT 
5 imagery (Figure 9.3(b) and (d)).  This difference is likely due to differences between the spatial 
resolution of the Ikonos and SPOT 5 imagery (4m and 10m respectively).  Anomalies in the 
areas allocated to different land cover classes may also be due to the differences in the spectral 
and radiometric resolution of the two sensors, in additional to differences in image acquisition 
date (2005 and 2002) (see Section 2.2.1).   
 
The small amount of change in woody vegetation cover between the two images was not 
considered to represent a noteworthy change in woody vegetation cover between the two 
images, due to discrepancies in the spatial and temporal resolution of the imagery used.  These 
areas of difference may influence the relationship between vegetation attributes and remotely 
sensed variables, due to the discrepancy between image acquisition dates and ground data 
acquisition.  This highlights the importance of temporal consistency of spatial data, particularly 
in landscapes where rates of land cover change are high due to activities such as vegetation 
clearing or restoration. 
 
9.4 The influence of spectral and radiometric resolution 
 
The spectral and radiometric resolution of a sensor is an important factor in determining the type 
of information that can be derived from remotely sensed imagery (see Sections 2.2.1 and 5.2.1).  
This is a very important consideration when sensors are selected to analyse different 
components of a landscape, such as native vegetation, across different spatial scales and has 
important implications for land managers and agencies in terms of information provided by a 
particular sensor for specific applications.  An aim of this work was to examine the utility of 
multi-spectral remote sensing platforms in terms of the types of native vegetation condition 
information that can be derived from sensors such as SPOT 5 and Ikonos. 
 
The spectral resolution of a sensor refers to the number of bands that are recorded, the width of 
these bands, and the location of these bands across the electromagnetic spectrum (Jensen 
2000).  These characteristics vary between sensors.  The location and width of the bands plays 
an important role in detecting attributes of interest and the degree to which cover types can be 
separated (Wallace and Campbell 1998, Rocchini 2007, Xie et al. 2008).  The location of SPOT 
5 and Ikonos multi-spectral bandwidths is shown in Figure 9.4.  This figure illustrates the 
differences in spectral resolution between the two sensors.  Both sensors capture information in 
the visible and near infrared regions, although slightly different wavelengths are recorded by 
each sensor.  The Ikonos bands do not incorporate wavelengths in the SWIR region, which are 
dominated by water content of vegetation (see Sections 2.2.1 and 5.2.2).   
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The radiometric resolution of a sensor defines the ability of a sensor to detect differences in 
signal strength from radiance reaching the sensor (Jensen 2000).  The radiometric resolution is 
related to the number of quantisation levels available, which determines the number of digital 
numbers used across an image, and the number of grey tones in an image.  SPOT 5 imagery 
has an 8-bit radiometric resolution, recording 256 grey tone levels.  Ikonos imagery has an 11-
bit radiometric resolution, recording 2048 grey tone levels. 
 
As imagery from two different sensors is utilised in this study, differences between the spectral 
and radiometric resolutions of the imagery, and the influence this may have on relationships 
between vegetation attributes and remotely sensed data are of interest.  Differences between 
the two sensors were examined in terms of the strength of associations between vegetation 
attributes and remotely sensed variables, and the types of remotely sensed variables that were 
strongly correlated with different vegetation attributes. 
 
 
Figure 9.4.  Spectral bandwidths of SPOT 5 and Ikonos sensors, and their relationship to a 
generalised spectral response curve of vegetation (adapted from Liang (2004)) 
 
A summary of regression models derived for selected core vegetation attributes is given in 
Table 9.7.  The independent and dependent variables used to derive these models are given in 
Table 8.1.  A discussion of the different remotely sensed variables used to construct these 
regression models is given in Section 8.3.2.  A comparison of adjusted r2 and SEE values for 
the different regression models is used to illustrate the different utility of the two sensors in 
SPOT 5 Bandwidths
Ikonos Bandwidths
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terms of recovering different vegetation attributes, which is an important aim of this work (RQ 3). 
 
In terms of site vegetation condition scores, remotely sensed variables derived from Ikonos 
imagery provided a stronger association than variables derived from SPOT 5 imagery.  
Remotely sensed variables derived from Ikonos imagery also provided a stronger association 
than variables derived from SPOT 5 imagery for stem density measures.  In contrast, remotely 
sensed variables derived from SPOT 5 imagery provided a stronger association with vegetation 
cover attributes such as canopy per cent foliage cover and native vegetation cover, than those 
derived from Ikonos imagery (Table 9.7).  This suggests the size and spatial distribution of 
vegetation attributes, and the relationship of these to the spatial resolution of the imagery, is an 
important factor (see Section 3.2).  As discussed in Section 8.3, the SEE values of models 
derived for each vegetation attribute decreased as the adjusted r2 values increased. 
 
Table 9.7.  Summary of regression models derived for selected core vegetation attributes, 
highlighting differences between Ikonos and SPOT 5 data.  Details of the dependent and 
independent variables used to construct these models are given in Table 8.1 and Table 8.2 
 
Core vegetation attribute Sensor r2 Adj. r2 SEE 
SPOT 5 0.49 0.47** 8.85 BioMetric site condition score 
Ikonos 0.53 0.51** 8.49 
SPOT 5 0.38 0.36** 7.70 Canopy per cent foliage cover 
Ikonos 0.24 0.23** 8.47 
SPOT 5 0.41 0.40** 1.78 Midstorey, shrub and other ground species 
cover Ikonos 0.29 0.27** 1.96 
SPOT 5 0.50 0.49** 19.26 Native vegetation cover (excluding grass 
cover) Ikonos 0.46 0.45** 20.08 
SPOT 5 0.53 0.52** 1.97 Exotic species cover 
Ikonos 0.49 0.47** 2.07 
SPOT 5 0.67 0.66** 0.28 Stem density (> 5cm DBH) 
Ikonos 0.70 0.70** 0.27 
SPOT 5 0.61 0.60** 0.35 Stem density (live stems) 
Ikonos 0.69 0.68** 0.31 
** p<0.01, * p<0.05, ns not statistically significant 
 
These differences in sensor performance may be attributed to the difference in sensor 
characteristics (see Section 5.2.1).  The differences in acquisition dates between the two 
images (see Section 9.3) may also contribute to differences in the adjusted r2 values obtained 
for the two sensors.  The SPOT 5 imagery was acquired during 2005, which, in terms of time 
elapsed, was closer to ground data collection dates (see Section 6.4.2) than the Ikonos imagery 
which was acquired during 2002.   
 
Vegetation cover attributes, adjusted r2 values were consistently higher when remotely sensed 
data from the SPOT 5 sensor were used, while measures of stem density were more strongly 
associated with Ikonos data (Table 9.7).  Levels of vegetation cover could be considered more 
variable in time than attributes such as stem density, particularly where understorey vegetation 
is considered (see Section 8.3.2).  This is compounded by the effects of drought on vegetation 
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cover and the reflectance properties of vegetation (see Section 2.2.1).  In this case, the 
difference in acquisition dates between the images may contribute to these observed 
differences. 
 
Differences in the spectral and radiometric resolutions of the SPOT 5 and Ikonos sensors 
influence the observed differences between core remotely sensed variables identified for each 
vegetation attribute, as discussed in Section 7.4.2.  For example, while mean spectral 
reflectance measures derived from both sensors were strongly correlated with core vegetation 
attributes, SWIR reflectance was strongly correlated with several vegetation attributes such as 
canopy per cent foliage cover (Table 7.6) and native vegetation cover (excluding grass cover) 
(Table 7.10).  SWIR reflectance is recorded by the SPOT 5 sensor, not the Ikonos sensor (see 
Section 5.2.2).  Similarly, SARVI was identified as an important remotely sensed variable for 
several vegetation attributes, but was only derived from the Ikonos data as the SPOT 5 sensor 
does not record spectral reflectance in the required bands (see Section 5.4.3).   
 
These differences in spectral resolution influence the variables that can be derived from 
particular sensors and contribute to differences between associations derived between 
vegetation attributes and remotely sensed variables.  In addition to differences in bands 
recorded by sensors, smaller differences in the wavelengths recorded by the two sensors 
(Figure 9.4) also contribute to discrepancies between the two sensors and affect the utility of 
these data for particular applications.  While the spectral and radiometric resolution of a sensor 
is an important consideration when deriving vegetation information from remotely sensed data, 
these influences are often compounded by other sensor characteristics such as spatial 
resolution (see Section 9.2) and temporal resolution (see Section 9.3). 
 
 
9.5 The influence of ground site homogeneity 
 
The aim of this case study was to examine the influence of ground data site homogeneity on the 
strength of relationships between vegetation attributes and remotely sensed variables.  Ground 
data site homogeneity is a key spatial data quality issue that was identified in Chapter 4.  
Ground data site homogeneity was addressed during ground data collection (see Chapter 6) as 
well as the calculation of regression models between vegetation attributes and remotely sensed 
variables. 
 
A homogenous area means that a given variable is distributed uniformly across an area, or that 
variables are evenly mixed, rather than no variation of a variable across an area (McCoy 2005).  
Variability within a site can be attributed to differences in soils, hydrology and microhabitat, 
which result in variations in the vegetation and habitat components distributed across the site 
(Schieck 2002).  Variation within a landscape and the relationship between the frequency of that 
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variation and the spatial resolution of a sensor introduces the issue of mixed pixels.  Mixed 
pixels contain spectral reflectance information from a number of different attributes of interest, 
such as land cover type.  In contrast, pure pixels are those that contain information about one 
attribute of interest only.  Site homogeneity and mixed pixels are discussed in Section 3.5. 
 
The inclusion of mixed pixels in field sites for a remote sensing project will affect the accuracy of 
the analysis and the ability to discriminate between different variables of interest (Foody 1996, 
Hsieh et al. 2001, Colombo et al. 2003, McCoy 2005).  This highlights the importance of 
measuring ground data in homogenous areas to gain representative information about an 
attribute of interest within a pixel.   
 
Large homogenous areas are also less likely to be negatively affected by positional inaccuracy 
issues (Elmore et al. 2000, McCoy 2005).  Sources of positional inaccuracy such as image 
geometric accuracy and GPS unit accuracy, affects the accuracy with which ground data 
information can be located with respect to individual image pixels.  Positional inaccuracy issues 
relating to ground data collection are reviewed in Section 3.4.  The use of a pixel cluster as a 
sampling unit, as implemented in this project (see Chapter 6), can reduce potential positional 
inaccuracy issues.  This approach can also ensure that the interior of a site is sampled, rather 
than sampling edge pixels which are likely to be more heterogeneous compared with the interior 
of a site. 
 
During ground data collection, field sites were classified as either core or edge sites, depending 
on the distance from a boundary and internal variation observed within a site.  This process is 
outlined in Section 6.4.  Ground data sites that were classified as edge sites were located in 
areas such as roadside vegetation and within close proximity of borders between different land 
cover types.  These areas were deemed to be more heterogeneous than the core sites 
assessed.  Examples of edge and core sites are shown in Figure 9.5.  Photograph (a) shows a 
more heterogeneous site, with a linear row of trees surrounded by cleared paddocks, compared 
with photograph (b), which shows a contiguous area of vegetation. 
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Figure 9.5.  Examples of edge and core sites sampled during ground data collection.  
Photograph (a) shows an area of heterogeneous vegetation compared with photograph (b), 
which shows an area of contiguous vegetation 
 
To examine the effect of site homogeneity on derived relationships between vegetation 
attributes and remotely sensed variables, regression models defined in Table 8.1 and Table 8.2 
were recalculated using different cohorts of ground sites.  Two different cohorts were used: core 
sites (n=92) and all sites, incorporating both core and edge sites (n=114).  Due to the small 
sample size (n=22), edge sites were not analysed separately.  The dependent and independent 
variables documented in Table 8.1 and Table 8.2 were used for each vegetation attribute. 
 
A summary of regression models derived for five different vegetation attributes is presented in 
Table 9.8.  Methods used to measure these vegetation attributes are given in Table 6.4.  These 
results illustrate differences using ground data collected across a 50m x 50m area.  The highest 
adjusted r2 for each vegetation attribute was obtained using core sites only.  The SEE for 
models derived using core sites only was lower than those obtained using all sites.  This pattern 
was observed for both Ikonos and SPOT 5 data.  Edge sites incorporated within the all site 
sample coincide with mixed pixels, which incorporate spectral reflectance information from 
several different land cover types (see Section 3.5).  Relationships between remotely sensed 
data and biophysical attributes, and classification accuracy, has been shown to improve if these 
edge areas are excluded, as the spectral reflectance information can be related to a single 
feature of interest (Tokola 2000, Hsieh et al. 2001, Colombo et al. 2003, Rocchini 2007). 
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Table 9.8.  A summary of regression models derived for selected core vegetation attributes 
using data collected at different site types (core sites and all sites).  Details of the dependent 
and independent variables used to construct these models are given in Table 8.1 and Table 8.2 
 
Core vegetation attribute Sensor Site Type r2 Adj. r2 SEE 
All 0.46 0.45** 8.82 SPOT 5 
Core 0.48 0.47** 8.85 
All 0.47 0.46** 8.76 
BioMetric site condition scores 
Ikonos 
Core 0.53 0.51** 8.49 
All 0.18 0.17** 9.57 SPOT 5 
Core 0.38 0.36** 7.70 
All 0.11 0.10** 9.95 
Canopy per cent foliage cover  
Ikonos 
Core 0.24 0.23** 8.46 
All 0.28 0.26** 0.60 SPOT 5 
Core 0.41 0.40** 0.54 
All 0.19 0.18** 2.12 
Midstorey, shrub and other ground 
species cover 
Ikonos 
Core 0.29 0.27** 1.96 
All 0.33 0.33** 21.32 SPOT 5 
Core 0.50 0.50** 19.26 
All 0.33 0.32** 21.39 
Native vegetation cover (excluding 
grass cover) 
Ikonos 
Core 0.46 0.45** 20.08 
All 0.48 0.47** 0.34 SPOT 5 
Core 0.67 0.66** 0.28 
All 0.60 0.59** 0.30 
Stem density (> 5cm DBH) 
Ikonos 
Core 0.70 0.70** 0.27 
** p<0.01, * p<0.05, ns not statistically significant 
 
While adjusted r2 values derived using all sites were lower than those derived using core sites, 
the magnitude of difference varied between vegetation attributes.  Differences in adjusted r2 
values for models derived for BioMetric site condition scores were lower than differences in 
adjusted r2 values for models derived for other vegetation attributes.  Data aggregation has 
been shown to reduce variation within an area, and strengthen the relationship between 
remotely sensed data and vegetation attributes (Davidson and Csillag 2001).  These patterns 
were consistently observed for both Ikonos and SPOT 5 data. 
 
BioMetric site condition scores are a composite attribute derived using ten other vegetation 
attribute measurements.  There are several factors that may have contributed to the reduced 
influence that was observed on derived relationships between BioMetric scores and remotely 
sensed variables compared with derived relationships using single vegetation attributes.  Within 
a site, the different vegetation attributes that were combined to generate a site condition score 
would have varied with different frequency across the site.  While some single vegetation 
attributes may have been highly heterogeneous, others may have been comparatively 
homogenous within a site. This may have influenced the overall heterogeneity of condition 
within a site, and therefore influenced the effect of edge sites on the derived relationships.   
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The site condition scores are also based on benchmark scores of each attribute, ranging from 0-
3 (see Section 7.3.3), so the accuracy of the measurements is reduced to some degree (see 
Section 3.6).  The manipulation of the continuous measurements recorded for single vegetation 
attributes in this way may have reduced the influence of site homogeneity as attributes were 
effectively measured within ranges rather than single measurements, encompassing more 
attribute variation within the reported attribute score. These patterns illustrate the influence that 
site position and site homogeneity can have on regression models developed to relate stand-
level vegetation attributes to remotely sensed data and highlight the importance of considering 
this during both project design and data analysis. 
 
The level of homogeneity across a site often varies depending on the spatial area measured.  
The influence of site heterogeneity, and the inclusion of mixed pixels within ground data sites, is 
also dependent on the spatial resolution of the sensor.  Heterogeneous landscapes make the 
measurement of ground data and extrapolation of relationships across landscapes problematic, 
particularly for sensors with coarser spatial resolutions (Singh et al. 2003, Liang 2004).   
 
This is a particular challenge in fragmented landscapes, such as the study area for this work, as 
these contain a high degree of heterogeneity.  As spatial resolution becomes coarser, the 
number of mixed pixels within an image will generally increase as pixels incorporate more than 
one land cover type or variable of interest.  Imagery with a coarse spatial resolution often has 
pixels that comprise different features, therefore it is difficult to measure parameters on the 
ground that are characterised by a single pixel, particularly in complex areas such as riparian 
corridors and fragmented landscapes (see Section 3.5) (Hsieh et al. 2001, Nagler et al. 2001).   
 
The influence of site homogeneity using ground data measured at different spatial scales was 
also explored.  Ground data for this project was collected in a format that allowed different 
spatial areas to be attributed for each site, as discussed in Section 9.2.  Linear regression 
models for vegetation attributes measured at different spatial scales were computed using 
different types of ground data sites (core sites or all sites).  These analyses were included to 
examine changes in the adjusted r2 values at different spatial scales.  A summary of model 
results for three core vegetation attributes is presented in Table 9.9, illustrating changes in 
adjusted r2 values and SEE as different types of ground data sites are used at different ground 
data site areas.  The dependent and independent variables used to construct these regression 
models are detailed in Table 8.1.  The same set of remotely sensed variables from each sensor 
was used for each vegetation attribute. 
 
Relationships derived between vegetation attributes and remotely sensed variables became 
progressively weaker as the site size used to measure the vegetation attribute was reduced.  
This pattern is also illustrated in Section 9.2.  This was observed for all vegetation attributes 
using both Ikonos and SPOT 5 data.  Despite weaker relationships between vegetation 
attributes and remotely sensed variables, a similar pattern between adjusted r2 values using 
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different site types was observed across all ground data site sizes.  For all vegetation attributes, 
measured using three different site sizes, the strongest adjusted r2 values for regression models 
were obtained using core sites.   
 
These examples illustrate the importance of considering site homogeneity during project 
planning, ground data collection, and data analysis.  The influence that site position and 
homogeneity can have on the strength of derived relationships between vegetation attributes 
and remotely sensed variables has important implications for the sampling design used to 
collect ground data.  Positional accuracy has also been found to influence the relationship found 
between remotely sensed data and ground data (Means et al. 1999, Tokola 2000, Comber et al. 
2006, Johansen and Phinn 2006, Weber et al. 2008).  This has important implications for the 
placement of sites within a landscape and the use of different sampling strategies such as pixel 
clusters (see Section 3.4). 
 
The influence of heterogeneous ground data sites at different spatial scales also has important 
implications for the analysis of a landscape using remotely sensed variables (see Section 3.5).  
The influence of using edge sites to derive relationships between vegetation attributes and 
remotely sensed variables will affect the confidence with which that information is extrapolated 
to predict a particular vegetation attribute across the landscape.  These effects can be mitigated 
to some degree by stratifying the landscape prior to field sampling and the analysis of core and 
edge areas separately, as demonstrated above.   
 
These results also highlight the need to consider the spatial structure of the imagery (see 
Section 6.2).  The effectiveness of this strategy is illustrated in this study through the use of 
semivariograms and correlograms in the development of a ground data sampling methodology 
(see Chapter 6).  Results from these analyses suggested that a distance of 50m was a key 
spatial scale, and the sampling methodology focused on spatial areas at and below this 
threshold (Figure 6.2 and Figure 6.3).  The strongest relationships between vegetation attributes 
and remotely sensed data were observed at spatial scales that approximated 50m2. 
 
The spatial resolution of the sensor, and the relationship between this and the vegetation 
features of interest, will determine the effectiveness of this strategy.  If the imagery chosen for a 
particular study is too coarse in relation to the features of interest, pixels will incorporate spectral 
reflectance information from a number of features.  Sampling a single homogenous area of 
sufficient size may not be feasible in a particular landscape (see Sections 3.2 and 3.5).  These 
are important considerations in areas that are highly variable, or heterogeneous.   
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Table 9.9.  A summary of regression models derived for selected core vegetation attributes 
measured using varying ground data site areas and data collected at different site types (core 
sites and all sites).  Details of the dependent and independent variables used to construct these 
models are given in Table 8.1 
 
Core vegetation 
attribute 
Sensor Ground data site 
area 
Site Type r2 Adj. r2 SEE 
All 0.07 0.06* 16.16 10m x 10m 
Core 0.12 0.10** 15.78 
All 0.14 0.12** 12.52 30m x 30m 
Core 0.23 0.21** 11.87 
All  0.18 0.17** 9.57 
SPOT 5 
50m x 50m 
Core 0.38 0.36** 7.70 
All 0.02 0.01ns 16.53 12m x 12m 
Core 0.04 0.03ns 16.40 
All 0.03 0.03* 14.49 20m x 20m 
Core 0.06 0.05* 14.23 
All  0.11 0.10** 9.95 
Canopy per cent 
foliage cover 
Ikonos 
52m x 52m 
Core 0.24 0.23** 8.46 
All 0.18 0.17** 30.75 10m x 10m 
Core 0.24 0.23** 30.96 
All 0.24 0.23** 25.89 30m x 30m 
Core 0.35 0.34** 25.06 
All  0.33 0.33** 21.32 
SPOT 5 
50m x 50m 
Core 0.50 0.50** 19.26 
All 0.07 0.05* 32.91 12m x 12m 
Core 0.12 0.10** 33.53 
All 0.12 0.10** 29.43 20m x 20m 
Core 0.17 0.15** 29.88 
All  0.33 0.32** 21.39 
Native vegetation 
cover (excluding 
grass cover) 
Ikonos 
52m x 52m 
Core 0.46 0.45** 20.07 
All 0.41 0.38** 0.20 10m x 10m 
Core 0.57 0.55** 0.18 
All 0.44 0.42** 0.36 30m x 30m 
Core 0.61 0.59** 0.32 
All  0.48 0.47** 0.34 
SPOT 5 
50m x 50m 
Core 0.67 0.66** 0.28 
All 0.47 0.46** 0.20 12m x 12m 
Core 0.57 0.56** 0.19 
All 0.53 0.52** 0.27 20m x 20m 
Core 0.63 0.62** 0.26 
All  0.60 0.59** 0.30 
Stem density (>5cm 
DBH) 
Ikonos 
52m x 52m 
Core 0.70 0.70** 0.27 
** p<0.01, * p<0.05, ns not statistically significant 
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9.6 The influence of ground data attribute measurement 
 
Measuring attributes that are appropriate for a project with adequate detail, and using an 
appropriate measurement technique, is an important consideration when designing ground data 
collection methodology (Curran 1988, McCoy 2005).  Here, the influence of ground data 
attribute measurement is examined, using measures of canopy cover as an example.  There are 
many different methods that can be used to measure vegetation attributes.  The method used to 
measure an attribute affects the value recorded at a site, and consequently influences the 
relationship between the vegetation attribute and remotely sensed data (McCoy 2005).  To 
illustrate this influence, canopy cover was recorded using different methods during ground data 
collection.  
 
Canopy cover can be defined in several different ways including: 
− per cent crown cover: which is an estimation of the percentage of an area occupied by 
the vertical projection of the crown extent, where the crown is treated as an opaque object 
(Walker and Hopkins 1990, Gibbons et al. 2005, Michaels 2006, Hnatiuk et al. 2008), 
− per cent foliage cover: which is an estimation of the percentage of an area occupied by 
the vertical projection of the foliage and branches from the canopy (Walker and Hopkins 
1990, Gibbons et al. 2005, Hnatiuk et al. 2008), and 
− per cent projective foliage cover: which is an estimate of the percentage of an area 
occupied by the vertical projection of the foliage from a canopy (Walker and Hopkins 1990, 
DSE 2004, Michaels 2006, Hnatiuk et al. 2008). 
 
 
For this study, per cent foliage cover was recorded as a visual cover estimate at 5m intervals 
along a transect using photographic guides (supplied in Appendix 1).  These measurements 
were then used to calculate average per cent foliage cover across a site, as outlined in Section 
6.3.3.  Per cent crown cover was also recorded as present or absent at 5m intervals along the 
transect, using a line intercept method, as outlined in Section 6.3.3. 
 
Per cent foliage cover estimates and per cent crown cover estimates were strongly correlated (r 
= 0.833. p < 0.01), as illustrated in Figure 9.6.  A linear regression model was developed 
between these two variables (adjusted r2 = 0.69, p < 0.01).  Per cent crown cover estimates 
were consistently higher than per cent foliage cover estimates from photographic guides.  At 
some sites, per cent crown cover was more than twice the estimated per cent foliage cover.   
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Figure 9.6.  Scatterplot of per cent foliage cover and per cent crown cover, showing a linear 
regression line (r2 = 0.69, p < 0.01) and 95% confidence intervals of the regression model 
 
This disparity is due to the differences in assumptions made by the two approaches.  The two 
approaches fundamentally assess different features.  Recording per cent crown cover assumes 
that you are measuring presence or absence of a solid object, while estimating per cent foliage 
cover provides a measure of the level of cover at a point (Walker et al. 1988, Walker and 
Hopkins 1990, Gibbons et al. 2005, Hnatiuk et al. 2008).  This variation illustrates the influence 
that the measurement method can have on ground data acquired for a particular study (see 
Section 3.6).   
 
The measurement method used also influences the statistical association with remotely sensed 
data.  Linear regression models were derived for field estimates of per cent foliage cover and 
per cent crown cover to demonstrate the influence that attribute measurement method has on 
derived statistical associations between variables.  Both methods of measuring cover were used 
at all sites, facilitating this comparison (see Section 6.3.3).  Regression models derived for 
measures of per cent foliage cover and per cent crown cover are given in Table 9.10.  The 
remotely sensed variables included in each regression equation differed slightly between the 
two methods.  Regression models using per cent crown cover resulted in higher adjusted r2 
values for both sensors.  This reflects the nature of remotely sensed data, which, when 
analysed in terms of pixels, effectively treats objects such as canopies as blocks rather than 
porous objects. 
 
The discrepancies between cover estimates derived using different measurement 
methodologies, and the influence this can have on regression models derived from remotely 
sensed variables, is an illustration of the importance that attribute measurement approaches 
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can have on the results of a study.  The influence of different attribute measurement 
approaches can be compounded if data from different sources are used.  Standardised attribute 
measurement methodologies that are used in published vegetation assessment methodologies 
in the study area are used in this project.  The use of previously published assessment 
approaches provides important links between the work presented in this thesis and current 
operational stand-based vegetation condition assessment methodologies.   
 
Table 9.10.  Summary of linear regression models derived for estimates of per cent foliage 
cover and per cent crown cover, indicating changes in adjusted r2 values 
 
Attribute Sensor Regression equation Adj. r2 
SPOT 5 y = 29.83 + 44.12a – 129.28b 
   y = canopy per cent foliage cover 
   a = Log10((Mean Spectral Reflectance Band 1 x 2, 30m  
        ROI) +1) 
   b = Log10((Mean Spectral Reflectance Band 4, 10m 
        ROI) +1) 
0.36** Per cent 
foliage 
cover 
Ikonos y = 0.01 + 104.13a 
   y = canopy per cent foliage cover 
   a = Log10((SARVI, 52m ROI) +1) 
0.23** 
SPOT 5 y = 311.79 – 214.67a 
   y = per cent crown cover 
   a = Log10 ((Mean Spectral Reflectance Band 4, 10m 
        ROI) +1) 
0.49** Per cent 
crown 
cover 
Ikonos y = 29.82 + 81.18a – 106.84b 
   y = per cent crown cover 
   a = SARVI 52m ROI 
   b = GLCM Second Moment (Band 4, 3 x 3 window, X 
        shift, 68m ROI) 
0.41** 
 
In addition to the transect approach, other methods were used to estimate canopy cover at field 
sites.  Per cent foliage cover was also estimated using a random sampling approach rather than 
a transect approach.  Per cent foliage cover was estimated for randomly selected trees within 
the site, using photographic guides (supplied in Appendix 1).  The number of trees sampled 
within a site varied between 1 and 6, depending on the number of trees present within a site, as 
at some sites, only one tree was present.  The number of tree crowns present within a site was 
estimated using Ikonos imagery.  The average crown diameter and the number of trees within 
the site were also measured, as outlined in Section 6.3.3.  These measurements were used to 
estimate per cent foliage cover across the site, using the methodology presented in Gibbons et 
al (2005), which is used to estimate canopy cover in areas with low tree density.   
 
This method was used to estimate per cent foliage cover across a subset of 13 sites.  Per cent 
foliage cover estimated from a random sample of individual trees was not significantly correlated 
with either per cent foliage cover estimates from photographic guides or estimates of per cent 
crown cover derived from a line-intercept method.  The low correlation between estimates from 
individual trees and a transect-based approach can be explained by the different approaches 
taken and the difficulty in estimating canopy cover across sites with a low density of trees. 
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Remotely sensed data were also used to estimate canopy cover at field sites.  Several studies 
have used a binary classification of ‘tree cover’ and ‘not tree cover’ to characterise canopy cover 
within an area (Huang et al. 2001, Gibbons and Boak 2002, Ludwig et al. 2002, Morales et al. 
2008).  In this study, a supervised classification was used to identify areas of canopy cover for 
both Ikonos and SPOT 5 imagery (see Sections 5.4.5 and 9.3).  These classified images were 
used to class each pixel as either ‘canopy’ or ‘not canopy’.  For each field site, pixels 
corresponding with the 50 x 50m (SPOT 5 imagery) or 52 x 52m (Ikonos imagery) ROIs (see 
Section 5.5) were extracted and used to calculate an average canopy cover for each site.  The 
canopy cover for each site was calculated as a percentage of the number of pixels classified as 
‘canopy’ within the field site.  This method is similar to the line intercept method used to record 
cover within a field site (see Section 6.3.3), substituting transect points for pixels.   
 
Canopy cover estimated from Ikonos and SPOT 5 data were strongly correlated (rs = 0.68, p < 
0.01).  Discrepancies between canopy cover estimated from the two sources of imagery can be 
attributed to sensor differences, as described above (see Sections 9.2 - 9.4).  Canopy cover 
estimated from remotely sensed data were also correlated with a number of vegetation 
attributes, as summarised in Table 9.11.  The correlations documented in Table 9.11 are 
weaker than correlations between remotely sensed variables documented in Section 7.3.1.  This 
may be due to the binary classification imposed on the data, as opposed to the continuous 
quantitative measures used in Chapters 7 and 8.   
 
The canopy cover estimates derived from remotely sensed data were calculated from a 
supervised classification, which uses probability statistics and spectral information to assign a 
pixel to a class.  By comparison, the analyses presented in Chapters 7 and 8 also utilised 
GLCM texture measures, which strengthened the relationship between some vegetation 
attributes and remotely sensed data (see Section 8.3).  The use of different image information 
may also contribute to the lower correlations observed in Table 9.11.  Errors present in the 
supervised classification may also contribute to errors in remotely sensed estimates of canopy 
cover.   
 
Table 9.11.  Correlation (rs) between canopy cover estimated from remotely sensed data and 
selected vegetation attributes 
 
 Ikonos cover 
estimate 
SPOT 5 cover 
estimate 
Per cent foliage cover 0.14ns 0.22* 
Per cent crown cover 0.38** 0.38** 
Native vegetation cover (excluding grass) 0.43** 0.42** 
BioMetric site condition score 0.57** 0.49** 
** p<0.01, * p<0.05, ns not statistically significant 
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The approach used to measure vegetation cover is study specific, and can be determined by 
either the requirements of the study or the method used to collect reference or ground data, and 
is used to provide estimates of accuracy for the remotely sensed data.  The varying results 
gained from considering canopy cover in a number of different ways demonstrates the influence 
that measurement methodology can have on the results of a study (see Section 3.6).   
 
9.7 Conclusion 
 
The case studies presented in this chapter illustrate the influence of known spatial data quality 
issues and sensor characteristics on the results of this work.  This work addresses RQ 4.  
Initially, the influences of sensor characteristics on results are examined.  The spatial, spectral, 
radiometric, and temporal resolution of remotely sensed data, determine the type and quality of 
information generated from the data (Phinn 1998), illustrated by the observed differences 
between data derived from SPOT 5 and Ikonos imagery.  Section 9.2 presents an analysis of 
the influence of spatial scale on the results, in terms of the spatial resolution of the sensor and 
the spatial area measured on the ground.  Spatial scale is a key data quality issue identified in 
Chapter 3.  Spatial scale is shown to have an important influence on the strength of derived 
models between vegetation attributes and remotely sensed variables. 
 
Data presented in 9.3 examines the effects of temporal resolution on image classification.  
Differences between a woody vegetation image classification, derived from both Ikonos and 
SPOT 5 imagery, are examined in terms of the ability to spectrally separate land cover classes 
during different seasons, and variability in vegetation configuration between years.  Differences 
in the spectral and radiometric resolution of the two sensors are also found to influence the 
derived relationships between vegetation attributes and remotely sensed variables, and the 
types of remotely sensed variables used in regression models (Section 9.4). 
 
Several key spatial data quality issues are then examined in terms of the strength of 
relationships between vegetation attribute data and remotely sensed variables.  The influence of 
spatial scale is examined in Section 9.2, while the influence of site homogeneity is examined in 
Section 9.5.  Ground data for this project was collected in cohorts of site types: core sites, edge 
sites, and all sites (see Section 6.4).  The placement of sites within the landscape was found to 
have a very strong effect on the derived relationships between vegetation attributes and 
remotely sensed variables, with sites collected in heterogeneous edge areas resulting in 
statistically insignificant regression models.  Vegetation attribute measurement is examined in 
Section 9.6.  This section examines the influence of attribute measurement methodology on 
results. 
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These case studies demonstrate the importance of different aspects of spatial data and how 
manipulating the data in specific ways, such as the methods used to record vegetation 
attributes, placement of sites within the landscape, or the spatial area measured, can greatly 
affect the derived relationships between vegetation attributes and remotely sensed data. 
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10 The utility of multi-spectral remotely sensed data for vegetation condition 
assessment 
 
10.1 Introduction 
 
Vegetation attributes are commonly used as surrogate measures of biodiversity.  Biodiversity 
assessments are typically undertaken using measures of vegetation condition, assessed at 
stand or local scales, and other measures of vegetation, such as type, extent and configuration, 
collected at landscape and regional scales (Briggs and Freudenberger 2006, Gibbons and 
Freudenberger 2006, Thackway et al. 2007).   
 
Many different methodologies for the assessment of vegetation condition at a stand or local 
scale have been developed for NRM applications.  However, methodologies to assess 
vegetation condition across landscape or regional scales, and the establishment of linkages 
between vegetation condition assessments at different spatial scales, are less advanced.  To 
support the delivery of regional NRM outcomes, biodiversity information, including vegetation 
condition data are required at landscape and regional scales, in addition to stand or local spatial 
scales.  The extension of stand-level vegetation condition information across landscapes, and 
approaches for achieving this, using remote sensing technologies, is a key focus of the work 
presented in this thesis. 
 
The aim of this study was to recover stand level vegetation attributes of native vegetation 
condition from multi-spectral remotely sensed data and to assess how issues of spatial data 
quality and sensor characteristics influence the ability to recover selected vegetation attributes.  
This study focussed on the use of remotely sensed data for the assessment of vegetation 
attributes in fragmented and degraded landscapes.  These landscapes represent areas of 
interest for NRM applications, but introduce difficulties in terms of remote sensing analysis.   
 
The key research questions explored in this thesis were: 
 
RQ. 1 How can existing site-based vegetation assessment methodologies be adapted to 
provide adequate ground data for vegetation condition predictions using 
operational multi-spectral remote sensing sensors? (see Chapter 6) 
RQ. 2 Which remotely sensed variables (both spectral and textural measures) correlate 
best with vegetation condition attributes? (see Chapter 7) 
RQ. 3 What is the utility of multi-spectral remote sensing data in providing estimates of 
vegetation condition attributes? (see Chapter 8) 
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RQ. 4 What is the influence of remote sensing platform characteristics and key spatial 
data quality issues on the utility of multi-spectral remote sensing in providing 
estimates of vegetation condition attributes? (see Chapter 9) 
 
The key findings related to each of these research questions are summarised below.   
 
10.2 The use of multi-spectral remotely sensed data for vegetation condition 
assessment 
 
The utility of multi-spectral remotely sensed data for vegetation condition assessment at 
landscape and regional scales was explored from a number of perspectives.  The importance of 
ground data collection for remote sensing studies was identified as a key issue, and the design 
of an appropriate ground data collection methodology for this project was an important area 
focus of this study.  Relationships between vegetation attributes measured on the ground and 
variables derived from remotely sensed data were then explored to determine the degree to 
which vegetation condition surrogate attributes could be recovered from remotely sensed data.  
Influences on these relationships, such as sensor characteristics and data quality issues, were 
also investigated to provide an evaluation of the utility of multi-spectral remotely sensed data for 
vegetation condition assessment at landscape and regional scales.  
 
10.2.1 Development of a field data collection protocol for remote sensing applications 
 
Poor compatibility between ground data and remote sensing data hinders the analysis of the 
data and any identified relationships (Congalton 1991, Defries et al. 2000, Liang 2004, Reinke 
and Jones 2006).  Consequently, the design of an appropriate ground data sampling 
methodology is an important consideration for remote sensing applications and was a key 
investigation included in this study.  Chapter 6 demonstrated an approach to adapt a site-based 
vegetation assessment methodology to ensure the provision of appropriate ground data for 
vegetation condition predictions using two multi-spectral remote sensing platforms.  This work 
addressed RQ. 1. 
 
The development of the ground data collection protocol for this study addressed three key 
areas: 
1) definition of an appropriate sampling unit, based on the spatial resolution and spatial 
structure of the remotely sensed imagery used in this project, 
2) determination of a methodology to sample a suite of vegetation variables within the 
defined sampling unit at an appropriate spatial scale, and 
3) consideration of key data quality issues that were considered relevant to this project. 
 
 - 187 - 
Field sites were used as the sampling unit for this project.  The field site structure was 
determined using the spatial structure and spatial resolution of the two sources of remotely 
sensed imagery used in this study.  The approach employed in this study used measures of 
image semivariance and Moran’s I to characterise the spatial structure of the remotely sensed 
data.   
 
Semivariograms were used as a visual tool used to represent the spatial structure of remotely 
sensed data, relating semivariance to distance (Curran 1988, Woodcock et al. 1988a, Zawadzki 
et al. 2005).  The range and sill of the semivariograms were used to determine key spatial areas 
of interest in this landscape.  The observed trends were similar for both sensors and for 
individual bands from both sensors.  For both sensors, there was a rapid increase in 
semivariance at distances below 50m, suggesting greater variability in image object size at 
spatial scales finer than 50m2.  This observation is supported by other research findings 
(Woodcock et al. 1988b, Merino de Miguel 2000).  Moran’s I statistics were also used to 
examine the spatial autocorrelation present within the imagery.  Features from the semivariance 
and Moran’s I statistics suggested that a ground sample size of approximately 50m x 50m was 
appropriate for this landscape.   
 
Using this information, a nested sampling approach was then developed within the 50m x 50m 
field site, based on pixel clusters of both Ikonos and SPOT 5 imagery.  Pixel clusters were used 
to sample the imagery to (1) allow for potential positional inaccuracies and (2) to ensure 
homogenous areas of vegetation were sampled.  These were two key spatial data quality issues 
identified and addressed in this study.  The nested field structure was also used to investigate 
influences of spatial scale between sources of project data.   
 
Within the nested field site structure, plots and transects were established to collect ground 
measurements for a suite of vegetation attributes used as surrogate measures of vegetation 
condition.  The vegetation attributes and ground data collection methodology used for this study 
builds on an approach used within the study area and widely across Australia (Gibbons et al. 
2005, Gibbons et al. 2009).   
 
10.2.2 Recovery of vegetation condition attributes from multi-spectral remotely sensed data 
 
A major focus of this work was the recovery of stand-level vegetation attributes measured in the 
field from remotely sensed data through statistical models.  Associations between remotely 
sensed data and features of interest are a key component of remotely sensed product 
calibration and validation (Campbell et al. 1999, Liang 2004, Campbell 2007).  The recovery of 
vegetation condition attributes from remotely sensed data based on ground observations 
requires a detailed knowledge of the relationship between remotely sensed data (recorded as 
spectral reflectance) and the vegetation attributes of interest.   
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Two different sensors were used in this project; Ikonos and SPOT 5, which are operational, 
rather than research orientated, multi-spectral satellite sensors (see Chapter 5).  This project 
focused on the use of multi-spectral platforms as they provide data at landscape and regional 
spatial scales, acquired at regular time intervals and are frequently used to assess vegetation 
(see Section 2.3).  SPOT 5 and Ikonos sensors were used for this project because of their 
availability and general use in the study area.  SPOT 5 imagery was acquired over the state of 
NSW, including the study area for this project, as part of the NSW vegetation compliance and 
monitoring program (Shaikh et al. 2006).  As such, the potential uses of SPOT 5 imagery in this 
area of study were of interest.  The inclusion of Ikonos imagery in this project provides multi-
spectral remotely sensed data at a finer spatial resolution than SPOT 5, allowing issues relating 
to spatial scale to be explored (see Sections 3.2 and 9.2).   
 
The ability to recover estimates of vegetation attributes used as surrogate measures of 
vegetation condition from multi-spectral remotely sensed imagery was explored using a number 
of different approaches.  Initially, key remotely sensed variables that were strongly correlated 
with individual vegetation attributes were identified (see Chapter 7).  This analysis identified sets 
of remotely sensed variables for each vegetation attribute which were deemed useful for 
predictions of that attribute from remotely sensed data.  This work addressed RQ. 2.   
 
A number of different types of remotely sensed variables were calculated for this study including 
mean spectral reflectance values, MVIs, and image texture measures.  The importance of mean 
spectral reflectance values for recovering vegetation condition attributes was highlighted by their 
strong correlation with numerous vegetation attributes.  MVIs were also strongly correlated with 
vegetation condition attributes, but to a lesser degree than mean spectral reflectance values.  Of 
the suite of MVIs calculated for this study three (SR, SARVI, and NDVI) were found to be the 
most strongly correlated with a number of vegetation attributes (see Section 7.4).   
 
Texture measures provided alternative measures of remotely sensed data, and were also found 
to be strongly correlated with a number of vegetation attributes (see Section 7.4).  In particular, 
measures of contrast, correlation, entropy, homogeneity, and entropy were found to be useful 
correlates.  Texture measures derived using NIR reflectance were found to be more strongly 
correlated with vegetation attributes than texture measures derived from other sensor bands.  
NIR reflectance increases as vegetation cover increases and is used extensively to measure 
attributes associated with vegetation (2.2.1).  The suite of texture measures identified differed 
for each sensor.  While measures of image texture are currently not widely used in this type of 
application, this analysis highlighted the potential for vegetation condition attributes to be 
recovered from image texture measures. 
 
Regression models were derived for each vegetation attribute, which are documented in 
Chapter 8.  This analysis was used to demonstrate the ability of multi-spectral remotely sensed 
 - 189 - 
data to provide measures of different vegetation attributes, and was used to determine the 
limitations of this type of technology for the assessment of vegetation condition.  This work 
addressed RQ. 3.  The analysis emphasised the variability of results achieved, and highlighted 
specific surrogate vegetation condition attributes that can be recovered from multi-spectral 
remotely sensed data. 
 
As outlined in Section 6.3.3, vegetation cover was measured both in different strata (canopy 
and understorey cover components) and as an overall measure of vegetation cover across a 
site.  Adjusted r2 values for vegetation cover ranged from 0.16 – 0.52 (see Section 8.3).  The 
strongest associations between vegetation cover attributes and remotely sensed data were for 
native vegetation cover (excluding grass) and exotic species cover. 
 
Interestingly, adjusted r2 values for canopy cover and some measures of understorey cover 
were similar (see Section 8.3).  The spectral reflectance recorded by a sensor incorporates 
reflectance from all material within a given area, not necessarily distinguishing between canopy 
and understorey cover components.  Woodland vegetation types sampled in this area had a 
mean canopy cover of 21%, which exposes a greater proportion of understorey vegetation than 
in other vegetation types with denser canopy cover.  This greater exposure of understorey 
vegetation would increase the influence of understorey vegetation on the spectral reflectance 
recorded by remote sensing platforms, leading to smaller differences between spectral 
reflectance associated between canopy and understorey cover. 
 
Grass cover across the study area was highly variable, with drought conditions and the 
presence of grazing stock (observed on approximately 80% of sites surveyed) leading to 
discrepancies in grass cover between the time of image acquisition and time of ground 
sampling.  This impact may contribute to the unreliability of grass cover estimates at some sites, 
affecting the derived relationship between grass cover (or attributes incorporating grass cover) 
and remotely sensed variables.  Consequently, removing grass cover from vegetation cover 
estimates improved the strength of relationships with remotely sensed variables.  Adjusted r2 
values for native vegetation cover (excluding grass cover) were 0.49 and 0.45 from SPOT 5 and 
Ikonos sensors respectively (see Section 8.3).   
 
Other vegetation attributes were readily derived from multi-spectral remotely sensed data. As 
documented in Section 8.3, regression models for stem density (> 5cm DBH) and stem density 
(live stems) had the higher adjusted r2 values of all stem density measures, ranging from 0.60 to 
0.70.  Adjusted r2 values for regression models, derived for site vegetation condition scores, 
were 0.47 (SPOT 5 data) and 0.51 (Ikonos data).   
 
Adjusted r2 values derived for vegetation cover attributes from SPOT 5 imagery were 
consistently higher than those derived from Ikonos imagery.  However, adjusted r2 values 
derived for stem density attributes derived from SPOT 5 imagery were consistently lower than 
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those derived from Ikonos imagery.  This suggests that the size at spatial arrangement of 
vegetation attributes was an important influence on associations between ground and remotely 
sensed variables.  These results also suggest that differences in the spatial and spectral 
resolution of the two sensors meant that the Ikonos imagery was able to produce variables more 
strongly correlated with measures of dominant physical structure, while SPOT 5 imagery was 
able to produce variables more strongly correlated with measures reflecting a broader array of 
features of native vegetation.   
 
This analysis also identified a number of vegetation attributes could not be recovered from the 
two sources of multi-spectral remotely sensed data and methods used in this study (see Section 
7.4).  These attributes were: grass cover, bare ground, exposed rock, some measures of 
understorey cover, organic litter cover, hollow-bearing trees, stem density (61-80cm DBH) and 
stem density (>80cm DBH).  This suggests that the methods used in this project are of limited 
utility for the assessment of these vegetation attributes and that other sources of information 
may provide more reliable estimates.   
 
The results presented in Chapters 7 and 8 indicate that only a subset of attributes currently 
used as surrogate measures of vegetation condition are suitable for routine recovery at 
landscape and regional scales using the remote sensing platforms and methods employed in 
this study.  Several vegetation attributes, such as measures of stem density, were found to be 
strongly correlated with site vegetation condition scores (rs >0.70, p <0.01).  As stem density 
measures showed strong relationships with remotely sensed variables, the use of these single 
measures as surrogates of vegetation condition scores could be further investigated. 
 
10.2.3 Influencing factors on the recovery of vegetation attributes from multi-spectral remotely 
sensed data 
 
There are several factors that influence the derived associations between ground and remotely 
sensed data, which were also considered in this study (see Chapter 9).  Sensor characteristics, 
such as spatial, spectral, radiometric and temporal resolution, are key influences on the 
remotely sensed data recorded by a sensor and therefore have a large impact on the utility of 
sensors for this type of application.  Consideration of spatial data quality issues is required to 
improve the ability of existing field surveys to accommodate needs of remote sensing 
applications (see Chapter 3) (McCoy 2005, Reinke and Jones 2006).  Poor compatibility 
between ground data and remote sensing data will greatly impinge the analysis of the data and 
any identified relationships (Congalton 1991, Defries et al. 2000, Liang 2004, Reinke and Jones 
2006).  These types of issues are regularly encountered in remote sensing applications and so 
an investigation of the specific influence that these types of issues have on the recovery of 
vegetation attributes from remotely sensed data was a key interest.  
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This study provides a working example of the application and influences of spatial data quality 
issues such as spatial resolution, temporal resolution, site homogeneity, and attribute 
measurement approaches (see Chapter 9).  These types of spatial data quality issues are well 
documented within the literature (Morrison 1995, Hunter et al. 2003a, Comber et al. 2006, 
Reinke and Jones 2006).  This is an important area of research as spatial data derived across 
multiple spatial scales and created from multiple sources are increasingly used for NRM 
applications.  This work addressed RQ. 4. 
 
The temporal resolution of remotely sensed data has an important influence on the spectral 
reflectance recorded within an image.  This is an important consideration where dynamic 
features are of interest such as vegetation, that varies temporally as well as spatially (White and 
Walker 1997, Landres et al. 1999, Jensen 2000, Nagler et al. 2001, ERSG 2003, Wilson et al. 
2004).  The influence of temporal resolution was considered to some degree in this study.  
However, data required to undertake a more detailed study of the temporal resolution on 
measures of vegetation condition, such as multiple images and ground data acquired across 
seasons, was not available.  Rather, the temporal influence of image acquisition on the 
supervised classification of imagery was used to demonstrate the effect of season on woody 
vegetation discrimination (see Section 9.3). 
 
The image acquisition date has a measurable effect on the ability to spectrally discriminate 
between agricultural land and woody native vegetation, which was demonstrated by assessing 
the spectral separability of woody vegetation and other land cover classes using imagery 
acquired during different seasons.  The results suggested that areas of woody vegetation and 
agricultural land are more likely to be misclassified using imagery acquired in spring than 
images acquired in summer or autumn.  These results also suggest that imagery acquired in 
either summer or autumn are the optimum acquisition windows for this landscape for 
discriminating woody vegetation cover (see Section 9.3). 
 
Spatial scale and spatial resolution are key elements of remotely sensed data.  The spatial 
resolution of a sensor is an important feature, as it determines the detail of the information that 
can be extracted from an image (Marceau et al. 1994b).  The raster nature of remotely sensed 
data leads to issues relating to the MAUP.  The MAUP represents the sensitivity of data 
analysis to the definition of the sampling unit area (grain or spatial resolution of the sensor), and 
is a result of the arbitrary definition of sampling units used to collect and analyse data (Marceau 
et al. 1994b, Marceau and Hay 1999, Hay et al. 2003).  In terms of remotely sensed data, the 
consequence of the MAUP is that results are dependent on the sampling units used to collect 
data, or pixel size (Bian 1997, Walsh et al. 1997, Hay et al. 2003, Jones et al. 2006).  Different 
results can also occur when the scale of the analysis is held constant, but the sampling areas 
are aggregated in different ways, or boundary locations are altered (Doll et al. 2006, Jones et al. 
2006).   
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The influence of spatial scale on the results gained from this study was examined by calculating 
regression models for vegetation attributes measured using different ground sample sizes and 
by altering the area sampled (in terms of pixel cluster size) from the remotely sensed data (see 
Section 9.2).  It was found that adjusted r2 values increased as the ground data site area 
increased.  This trend was consistent across different vegetation attributes and sensors.  It was 
also found that there was a stronger correlation between ground data and remotely sensed 
variables when larger ground areas were sampled (such as a 50m2 area, compared with a 10m2 
area).  These results are similar to those presented in previous studies exploring the influence 
of spatial scale on relationships between biophysical variables and remotely sensed data (Bian 
1997, Walsh et al. 1997, Tokola 2000, Davidson and Csillag 2001, Hyyppä and Hyyppä 2001, 
Hay et al. 2003, Jones et al. 2006, Rocchini 2007). 
 
The inclusion of mixed pixels in field sites for a remote sensing project will affect the accuracy of 
the analysis and the ability of derived relationships between ground and remotely sensed 
variables to discriminate between different attributes of interest (Foody 1996, McCoy 2005).  
This highlights the importance of measuring ground data in homogenous areas to gain 
representative information about a variable of interest within a pixel.  Ground data collected for 
this study was divided into two cohorts: core sites sampled within homogenous areas of 
vegetation, and edge sites sampled within more heterogeneous areas of vegetation.   
 
To examine the effect of site homogeneity on derived relationships between vegetation 
attributes and remotely sensed variables, regression models calculated using different cohorts 
of ground sites (see Section 9.5).  The highest adjusted r2 for each vegetation attribute was 
obtained using core sites only.  This pattern was observed for both Ikonos and SPOT 5 data.  
Adjusted r2 values derived using both core and edge sites were markedly lower than those 
derived using core sites or all sites.  These patterns were consistent across different spatial 
scales.  These results highlight the important of considering field site placement within the 
landscape when designing a ground data collection methodology and when data are further 
analysed. 
 
The manner in which data are recorded influences the way they can be analysed and the types 
of statistical methods employed (see Section 3.6).  Mapping continuous variables allows greater 
flexibility for future use of the data than variables recorded as categorical attributes (Fassnacht 
et al. 2006).  Recording raw quantitative variables does not impose artificial restrictions on the 
data, allowing data to be manipulated for different purposes, such as the application of various 
categorical classification schemes (Reinke and Jones 2006).  Vegetation attributes recorded for 
this study were measured quantitatively in a manner that allowed the data to be aggregated and 
recalculated for several different purposes.  However, the method used to measure vegetation 
attributes also has a considerable influence on the derived relationship between vegetation 
attributes and remotely sensed variables.   
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To illustrate this influence, canopy cover was recorded using different methods during ground 
data collection (see Section 6.3.3).  Canopy cover was measured as per cent foliage cover 
using photographic guides to estimate cover across a site.  Canopy cover was also measured 
as per cent crown cover using a line-intercept method, recording the presence or absence of 
canopy cover across a site.  Canopy cover estimates derived from these two methods were 
strongly correlated (r = 0.83. p<0.01).  Canopy per cent crown cover estimates were 
consistently higher than canopy per cent foliage cover estimates.  At some sites, canopy per 
cent crown cover estimates were more than twice that of canopy per cent foliage cover 
estimates (see Section 9.6).   
 
Adjusted r2 values from regression models derived between canopy per cent crown cover and 
remotely sensed variables were consistently higher than those derived using estimates of per 
cent foliage cover.  This trend was consistent for both sensors.  These differences are due to 
the differences in assumptions made by the different approaches.  Recording the presence or 
absence of canopy cover at a point effectively assumes that you are measuring presence or 
absence of a solid object, while estimating canopy cover using photographic guides provides a 
measure of per cent foliage cover at a point (Walker et al. 1988, Walker and Hopkins 1990, 
Gibbons et al. 2005, Hnatiuk et al. 2008).  This variation illustrates the influence that 
measurement method can have on ground data acquired for a particular study and derived 
relationships between ground and remotely sensed data.   
 
This investigation demonstrated the importance of different aspects of spatial data and how 
manipulating the data in specific ways, such as the methods used to record vegetation 
attributes, placement of sites within the landscape or the spatial area measured, can greatly 
affect the derived relationships between vegetation attributes and remotely sensed data. 
 
10.3 Further research 
 
The work presented in this thesis provides an evaluation of the utility of multi-spectral remotely 
sensed data for vegetation condition assessment at landscape and regional scales, and 
highlights some key factors that influence the results of studies such as this.  While this study 
provides a comprehensive assessment of the potential contribution of multi-spectral remotely 
sensed imagery for vegetation condition assessment, there are several other areas which could 
be explored to further this work.   
 
Three main vegetation types were present within the study area, dominated by grassy woodland 
vegetation types.  The utility of multi-spectral remotely sensed data for vegetation condition 
assessment could be further explored by assessing other vegetation types with different 
dominant species, as the spectral reflectance of vegetation is affected by the type of vegetation, 
the species distribution within an area, the spatial distribution and density of vegetation, and the 
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influence of other land covers such as soil, water and wood (Bannari et al. 1995, Armitage et al. 
2000, Nagendra 2001).  The use of additional ground data to verify statistical models developed 
in this thesis, and expansion of these statistical models to incorporate a wider range of 
vegetation types and conditions, would further enhance these results. 
 
The analyses presented in this thesis could be further extended to incorporate other image 
processing techniques.  Processing techniques such as object-orientated approaches could be 
used to provide information in a different manner to the pixel-based approaches used in this 
study.  Object-orientated approaches are currently used to assess objects such as individual 
trees, and are utilized with greater frequency with the development of software to support these 
types of analyses (Culvenor 2002, Bock et al. 2005, Bunting and Lucas 2006, Johansen et al. 
2007).  Object-orientated approaches to vegetation assessment may provide a range of 
additional information to pixel-based approaches as vegetation remnants and individual trees 
can often be characterised using information such as shape, size and spatial arrangement 
(Nagendra 2001, Bennett and Radford 2007). 
 
The use of multi-temporal imagery to assess vegetation condition may also provide additional 
information to the single time period evaluated in this study (Pickup et al. 1994, Gardiner et al. 
1998, Gower et al. 1999, Milne and Cohen 1999, Nagendra 2001, Huete et al. 2002, Yang et al. 
2006).  Seasonal changes in vegetation can aid plant species discrimination based on the 
phenological characteristics of different species such as annual and perennial species, 
photosynthetic process (C3 and C4 grasses), evergreen and deciduous species, and differences 
between native and introduced species.  Changes in vegetation over time or in response to 
environmental factors such as drought, fire, and rainfall, can also be assessed using multi-
temporal imagery. 
 
The integration of alternative sensors, such as LiDAR, airborne laser scanning platforms, or 
hyper-spectral sensors, to provide estimates of vegetation attributes not readily recoverable 
from multi-spectral remotely sensed data could be further explored (Leckie et al. 2003, Bunting 
and Lucas 2006, Lee and Lucas 2007, Lucas et al. 2008).  These platforms have been shown to 
provide information on a number different vegetation attributes (see Section 2.3).  Although the 
operational feasibility of this approach at a regional scale is uncertain, these sensors could be 
utilised across identified areas of interest within a landscape, providing supplemental 
information to that provided by multi-spectral platforms such as those used in this study through 
a multi-stage sampling system. 
 
A focus of this study was the operational feasibility of the methods used in this assessment and 
consideration of potential influences on the results.  As the results of this study highlighted, only 
a subset of vegetation attributes were able to be recovered from multi-spectral remotely sensed 
data with an acceptable degree of certainty.  This suggests that a select number of vegetation 
attributes could be used as landscape or regional surrogate measures of vegetation condition, 
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which provide contextual information for more detailed site-based surveys of vegetation 
condition routinely undertaken for NRM applications.  The assessment of individual vegetation 
attributes using multi-spectral remotely sensed data could be supplemented by measures of 
landscape connectivity and vegetation fragmentation, which are frequently considered in 
vegetation condition assessments (Ferwerda 2003, Parkes et al. 2003, Gibbons et al. 2007, 
Gibbons et al. 2009).  
 
A further progression of this work is to integrate these remote-sensing based measures of 
vegetation condition into existing NRM frameworks with site-based assessment methods, 
particularly as the data used is based on that which is routinely collected for vegetation 
condition assessment at site scales.  Consideration of site-based methodologies used to collect 
vegetation condition information is an important issue, as the findings of this study highlighted. 
The results of this study could also be integrated within other spatial data modelling 
approaches, utilising both remotely sensed data and other spatial information (2006, 2006, 
Zerger et al. 2009).  The identification of remotely sensed variable types that were strongly 
correlated with vegetation condition attributes could provide a basis for improving the remotely 
sensed data input utilised in these types of modelling approaches to provide vegetation 
condition information at regional scales. 
 
10.4 Conclusion 
 
Vegetation attributes are often used as surrogate components of biodiversity and suites of 
vegetation attributes are used to represent the condition of vegetation within an area.  
Vegetation condition provides an indication of the capacity of vegetation to provide habitat for a 
range of species, and ecosystem functions through the assessment of selected vegetation 
attributes (Parkes et al. 2003, Thackway et al. 2007).  Subsets of vegetation attributes are often 
combined into vegetation condition indices or metrics which are used to provide information for 
NRM.  This style of index is important as they can be used to compare alternative scenarios and 
management decisions, and underpin NRM policy instruments that require quantifiable and 
comparative metrics, such as market-based instruments (Neumann and Starlinger 2001, 
Thackway et al. 2007, Hajkowicz 2009).   
 
Despite their value of surrogates of biota and ecosystem function, measures of vegetation 
condition are rarely used to inform biodiversity assessments at scales beyond individual stands.  
Similarly, broad-scale information on vegetation condition is rarely used to assess the 
biodiversity values of individual stands in broader landscape or regional contexts.  However, this 
type of broad-scale information is increasingly required to support biodiversity management and 
conservation.   
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The value of vegetation condition information provided at a range of spatial scales for 
biodiversity conservation and NRM applications is widely recognised (Briggs and Freudenberger 
2006, Gibbons et al. 2006, Parkes and Lyon 2006, Gibbons et al. 2007, Thackway et al. 2007, 
Woinarski 2007).  In recognition of the importance of landscape contextual information for 
biodiversity conservation, there is a growing shift towards regional delivery of NRM (Farrelly 
2005, McAlpine et al. 2007, Thackway et al. 2007, Hajkowicz 2009).  Regional NRM 
approaches lead to multi-scale management, developing an holistic approach to NRM with 
targeted local works developed within a regional management framework (Farrelly 2005, 
McAlpine et al. 2007).  To support regional delivery of NRM outcomes, information on 
components of biodiversity, including vegetation condition, are required at landscape and 
regional scales in addition to stand or local spatial scales.   
 
While the work presented in this thesis focuses on the assessment of vegetation condition in a 
biodiversity context, many of the vegetation attributes used in this study provide information 
used in other areas of NRM such as carbon flux assessment (Chen et al. 2003, Widlowski et al. 
2004, LeMay et al. 2008, Nijland et al. 2009), forestry production assessment (Olson 1994, 
Anderson et al. 2000, Eyre et al. 2002, CCFM 2005, LeMay et al. 2008), plantation forestry 
assessment (Kavanagh et al. 2005, Cawsey and Freudenberger 2008), tree health and disease 
assessment (Stone and Coops 2004, Stone and Haywood 2006, Wulder et al. 2008), park 
management and conservation planning (Margules and Pressey 2000, LeMay et al. 2008), and 
fire intensity and recovery assessment (Riaño et al. 2002, Arroyo et al. 2008).  The use of 
vegetation attributes as surrogates for multiple applications demonstrates the wider applicability 
of remotely sensed-based assessments of vegetation attributes. 
 
Remotely sensed data can supplement detailed stand-level surveys of vegetation with cost-
effective and efficient landscape assessments of vegetation and is the only operationally 
feasible means of providing regional scale information at regular time intervals (Lee et al. 2003, 
Reinke and Jones 2006, Wallace et al. 2006).  However, the value of remote sensing for 
vegetation condition assessment depends on the ability to derive measurements of vegetation 
attributes in an acceptably accurate and consistent method (Margules and Pressey 2000, Lee et 
al. 2003).   
 
In terms of the utility of multi-spectral remote sensing for vegetation condition assessment at 
landscape and regional scales, there is a need to understand the strengths and weaknesses of 
this type of information and use this information to determine an appropriate approach.  The 
work documented in this thesis provides an assessment of what can be achieved from two 
sources of multi-spectral imagery in terms of recovery of individual vegetation attributes from 
remotely sensed data.  Potential surrogate measures of vegetation condition that can be 
derived across broad scales are identified.  This information could provide a basis for the 
development of landscape scale multi-spectral remotely sensed based vegetation condition 
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assessment approaches, supplementing information provided by established site-based 
vegetation condition assessment approaches.   
 
This work demonstrates that while some measures of vegetation condition, such as vegetation 
cover and stem density, are readily recoverable from multi-spectral remotely sensed data, 
others, such as hollow-bearing trees and log length, are not easily derived from these data.  The 
types of information derived from remotely sensed data, such as texture measures and 
vegetation indices, that are useful for vegetation condition assessments are also highlighted.  
This study sets limitations on the use of this technology for vegetation condition assessment at 
regional scales and also demonstrates the practical impact of data quality issues that are 
frequently encountered in these types of applied approaches.  
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Appendices 
 
 
This section contains the appendices referred to throughout the thesis.  The appendices are: 
 
1. Photographic guides used to assess per cent foliage cover 
2. Ground data collection field sheets 
3. Land use intensity ratings used to stratify study area 
4. Descriptive statistics of core remotely sensed variables 
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1. Photographic guides used to assess per cent foliage cover 
 
These photographic guides were used to assess canopy per cent foliage cover and canopy 
health at a site.  They are used to provide some level of direction to assessors when 
determining the canopy per cent foliage cover at a site and relate to Eucalypt species, which are 
dominant in the study area.  Both of these photographic guides are published guides and have 
been used previously across Australia. 
 
 
Figure 1.  Photographic guide used to assess canopy per cent foliage cover 
(Walker and Hopkins 1990) 
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Figure 2.  Photographic guide used to assess canopy health 
(DSE 2004) 
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2. Ground data collection field sheets 
 
The field sheets used to record ground data information for both plot and individual tree 
assessments are provided on the following pages.  Electronic and hardcopy versions of these 
field sheets were used to record information during ground data collection.  Data from these 
field sheets were then entered into a database and used to attribute spatial data in a GIS. 
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-RMIT Vegetation Assessment Field Sheets- 
Plot assessment of vegetation variables 
 
 
Site details (Site is a 70m x 70m area of evenly mixed vegetation) 
 
Site id  Contact name  
Site name  Contact Phone  
State  
CMA  
Contact Address  
Site type 
 
Core site (2 plots) Reduced core (1 plot) Core & ind. trees Edge area 
Notes 
 
 
 
 
First Plot Details (Plot located across the centre of the site) 
 
Plot id  Assessor(s)  
Plot name  Weather 
Date  
Time  
 
 
 
 
 
Notes 
 
 
 
Veg community 
 
Dominant species 
 
 
Private Roadside TSR Crown Land Land tenure 
Other (please specify): 
Unimproved. 
Pasture 
Improved 
pasture 
Cropping/ 
horticulture Urban 
Roadside 
reserve 
Nat. veg – 
N.P. 
Nat. veg - 
remnant 
Nat. veg – 
plantation 
Nat. veg – 
grazed u/s 
Forestry 
plantation 
Land use 
Other (please specify): 
Gully Lower-slope Mid-slope Upper-slope Landform 
Ridge Crest Flat  
Disturbance Salinity Logging Firewood Grazing Fire 
Soil colour  
 
First Plot: Photos and Coordinates 
 
Photo Number Photo Description Photo Direction 
   
   
   
   
   
GPS Point Point Type Transect Orientation Point Location 
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First Plot: Native species (20m x 20m quadrat) 
 
Life-form 
Definition No. spp Dominant species 
Canopy Tallest woody stratum   
Mid-storey Below canopy, above 1m height    
Shrubs Woody veg. below 1m   
Grasses Grasses below 1m   
Ground Other veg. below 1m   
 
First Plot: Vegetation variables (20 x 50m plot) 
 
Stumps 
 
 Dead trees  
Trees with Hollows 
 
 
Crown Closure 
Dense Tree crowns touching to overlapping Mid-dense Crowns touching to slightly sep. 
Sparse Trees crowns clearly sep. Very sparse Tree crowns well sep. 
Isolated Tree crowns >100m apart Choose one crown closure class for the plot 
Tree diameter classes 
<5cm 5-20cm 20-40cm 40-60cm 60-80cm >80cm 
 
 
 
 
 
 
 
     
Regeneration No. canopy sp No. canopy sp <5cm 
   
Log Length Log Diameter Log Length Log Diameter 
    
    
    
    
    
    
    
    
    
    
    
    
    
    
    
    
 
  
First Plot: Transect Cover Measurements (50m transect running E-W) 
SITE ID:  PLOT ID: 
 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 
Canopy (%) 
 - - - -  - - - -  - - - -  - - - 
C health (%) 
 - - - -  - - - -  - - - -  - - - 
Mid-storey (%) 
 - - - -  - - - -  - - - -  - - - 
Shrub 
                   
Grass 
                   
Ground 
                   
Exotic 
                   
Litter 
                   
Bare 
                   
Rock 
                   
 
 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 
Canopy (%) -  - - - -  - - - -  - - - -  - - 
C health (%) -  - - - -  - - - -  - - - -  - - 
Mid-storey (%) -  - - - -  - - - -  - - - -  - - 
Shrub 
                   
Grass 
                   
Ground 
                   
Exotic 
                   
Litter 
                   
Bare 
                   
Rock 
                   
 
 39 40 41 42 43 44 45 46 47 48 49 50 51  
Canopy (%) - -  - - - -  - - - -  
C health (%) - -  - - - -  - - - -  
Mid-storey (%) - -  - - - -  - - - -  
Shrub 
             
Grass 
             
Ground 
             
Exotic 
             
Litter 
             
Bare 
             
Rock 
             
* Canopy cover, canopy health and mid-storey 
cover are assessed as a % using visual guides 
* Other lifeforms are assessed as 
present/absent along the transect at one metre 
intercept points.  (1=present, 0=absent) 
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Second Plot Details (Plot located across north and adjacent to the first plot) 
 
Plot id  Assessor(s)  
Plot name  Weather 
Date  
Time  
 
 
 
 
 
Notes 
 
 
 
Veg community 
 
Dominant species 
 
 
Private Roadside TSR Crown Land Land tenure 
Other (please specify): 
Unimproved. 
Pasture 
Improved 
pasture 
Cropping/ 
horticulture Urban 
Roadside 
reserve 
Nat. veg – 
N.P. 
Nat. veg - 
remnant 
Nat. veg – 
plantation 
Nat. veg – 
grazed u/s 
Forestry 
plantation 
Land use 
Other (please specify): 
Gully Lower-slope Mid-slope Upper-slope Landform 
Ridge Crest Flat  
Disturbance Salinity Logging Firewood Grazing Fire 
Soil colour  
 
 
Second Plot: Photos and Coordinates 
 
Photo Number Photo Description Photo Direction 
   
   
   
   
   
GPS Point Point Type Transect Orientation Point Location 
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Second Plot: Vegetation variables (20 x 50m plot) 
 
 
Stumps 
 
 Dead trees  
Trees with Hollows 
 
 
Crown Closure 
Dense Tree crowns touching to overlapping Mid-dense Crowns touching to slightly sep. 
Sparse Trees crowns clearly sep. Very sparse Tree crowns well sep. 
Isolated Tree crowns >100m apart Choose one crown closure class for the plot 
Tree diameter classes 
<5cm 5-20cm 20-40cm 40-60cm 60-80cm >80cm 
 
 
 
 
 
 
 
     
Regeneration No. canopy sp No. canopy sp <5cm 
   
Log Length Log Diameter Log Length Log Diameter 
    
    
    
    
    
    
    
    
    
    
    
    
    
    
    
    
    
    
    
    
 
 
 
  
Second Plot: Transect Cover Measurements (50m transect running E-W) 
SITE ID:  PLOT ID: 
 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 
Canopy (%) 
 - - - -  - - - -  - - - -  - - - 
C health (%) 
 - - - -  - - - -  - - - -  - - - 
Mid-storey (%) 
 - - - -  - - - -  - - - -  - - - 
Shrub 
                   
Grass 
                   
Ground 
                   
Exotic 
                   
Litter 
                   
Bare 
                   
Rock 
                   
 
 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 
Canopy (%) -  - - - -  - - - -  - - - -  - - 
C health (%) -  - - - -  - - - -  - - - -  - - 
Mid-storey (%) -  - - - -  - - - -  - - - -  - - 
Shrub 
                   
Grass 
                   
Ground 
                   
Exotic 
                   
Litter 
                   
Bare 
                   
Rock 
                   
 
 39 40 41 42 43 44 45 46 47 48 49 50 51  
Canopy (%) - -  - - - -  - - - -  
C health (%) - -  - - - -  - - - -  
Mid-storey (%) - -  - - - -  - - - -  
Shrub 
             
Grass 
             
Ground 
             
Exotic 
             
Litter 
             
Bare 
             
Rock 
             
* Canopy cover, canopy health and mid-storey 
cover are assessed as a % using visual guides 
* Other lifeforms are assessed as 
present/absent along the transect at one metre 
intercept points.  (1=present, 0=absent) 
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-RMIT Vegetation Assessment Field Sheets- 
Individual tree assessment 
 
 
Tree details 
 
Site id  Tree id  
Date  Assessor  
Time 
 
 GPS point  
Land tenure 
 
 
Land use 
 
 
Soil colour  
Weather  
Photo 
 
 
Notes 
 
 
 
 
Tree variables 
 
Crown closure 
 
Dense Mid-dense Sparse Isolated 
Species 
 
 
Canopy cover 
 
 Canopy health  
Hollows 
 
 N-S width  
DBH 
 
 E-W width  
Mid-storey 
 
 Grass  
Bare 
 
 Litter  
Rock 
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3. Land use intensity ratings used to stratify study area 
 
The land use intensity ratings used to stratify the study area, and a corresponding land use 
description, are given in Table 1.  Land use identification codes from two land use classification 
systems used within Australia are also given for clarification.  These codes are taken from the 
Australian Land Use and Management (ALUM) Classification and the NSW Land Use Mapping 
Program (LUMAP) Classification systems for land use. 
 
The land use intensity rating system sued in this project ranks land use from 1 – 3 based on the 
perceived level of modification to the native vegetation in an area.  A rating of 1 represented 
little or no modification to the vegetation.  A rating of 3 represented a large amount of potential 
modification to the vegetation.  A rating of 2 represented a range of potential modifications of 
varying intensities.  Surveys taken within the study area were also used to inform this process.  
This information was then used to stratify the study area prior to ground data collection to 
ensure that a representative sample of vegetation in a full range of conditions was collected for 
this project. 
 
Table 1.  Land use intensity ratings used to stratify the study area 
 
Intensity rating Land use description ALUM LUMAP 
Nature conservation – National Park 1.1.3 NP 
Nature conservation – other remnant native 
cover 
1.3.3/2.2.1 9 
Dryland grazing – tree cover greater than 20% 3.2.1 4TS 
Dryland grazing – lower levels of grazing, 
native regeneration 
3.2.1 4R 
Other conserved area – private conservation 
agreement 
1.1.7 27 
1 
River or creek feature (riparian vegetation) 6.3.0 12 
Swamp 6.5.0 23 
Plantation forestry – softwood plantation 3.1.2 14 
Road reserve 5.7.2 19 
Planted stands or corridors of native and 
exotic species 
3.2.1 25 
Linear feature, residual stands of native 
species along road 
3.2.2 24 
2 
Riparian vegetation 6.3.0 30 
Cropping – continuous or rotation 3.3.0 1 
Urban – industrial/commercial 5.5.0 16 
Urban – residential  5.4.1 17 
Urban – rural residential 5.4.2 18 
Landfill 5.9.2 33 
Airport 5.7.1 36 
Horticultural – vineyard  3.4.4 3I 
3 
Farm dam 6.2.0 8 
 
 
 
  
4. Descriptive statistics of core remotely sensed variables 
 
Table 1.  Descriptive statistics of core remotely sensed variables derived from Ikonos imagery, 
including mean and standard deviation 
 
Remotely sensed variable Regiona 
of interest 
Mean σ 
SARVI 52m 0.60 0.16 
SARVI 68m 0.59 0.16 
SR 52m 1.74 0.16 
GLCM Correlation (Band 3, 3 x 3 window, X shift) 52m -34.61 18.86 
GLCM Correlation (Band 4, 5 x 5 window, - shift) 68m -24.92 14.20 
GLCM Correlation (Band 4, 5 x 5 window, X shift) 68m -25.14 14.41 
GLCM Entropy (Band 4, 3 x 3 window, X shift) 68m 2.00 0.20 
GLCM Homogeneity (Band 4, 17 x 17 window, X 
shift) 
68m 0.39 0.11 
GLCM Homogeneity (Band 4, 17 x 17 window, Y 
shift) 
68m 0.39 0.11 
GLCM Mean (All bands, 13 x 13 window, - shift) 20m 14.38 2.38 
GLCM Mean (All bands, 13 x 13 window, - shift) 52m 14.49 2.26 
GLCM Mean (All bands, 17 x 17 window, X shift) 68m 14.58 2.32 
GLCM Mean (All bands, 17 x 17 window, Y shift) 52m 14.52 2.40 
GLCM Mean (All bands, 3 x 3 window, - shift) 52m 14.44 2.14 
GLCM Mean (All bands, 7 x 7 window, - shift) 20m 14.27 2.16 
GLCM Mean (Band 1, 17 x 17 window, X shift) 68m 11.80 1.37 
GLCM Mean (Band 2, 13 x 13 window, - shift) 52m 13.63 2.15 
GLCM Mean (Band 2, 17 x 17 window, X shift) 68m 13.71 2.20 
GLCM Mean (Band 2, 5 x 5 window, - shift) 12m 13.36 2.18 
GLCM Mean (Band 2, 7 x 7 window, - shift) 68m 13.68 2.04 
GLCM Mean (Band 3, 13 x 13 window, - shift) 52m 13.06 2.81 
GLCM Mean (Band 3, 17 x 17 window, - shift) 68m 13.21 8.14 
GLCM Mean (Band 3, 17 x 17 window, X shift) 68m 13.22 2.84 
GLCM Mean (Band 3, 17 x 17 window, Y shift) 52m 13.13 2.90 
GLCM Mean (Band 3, 5 x 5 window, - shift) 12m 12.59 2.93 
GLCM Mean (Band 3x4, 7 x 7 window, - shift) 52m 259.55 94.17 
GLCM Mean (Band 4, 17 x 17 window, - shift) 68m 19.58 10.16 
GLCM Mean (Band 4, 17 x 17 window, X shift) 68m 19.59 3.15 
GLCM Mean (Band 4, 7 x 7 window, - shift) 12m 19.22 2.85 
GLCM Mean (Band 4, 7 x 7 window, - shift) 52m 19.45 2.94 
GLCM Second Moment (Band 4, 3 x 3 window, - 
shift) 
68m 0.15 0.05 
GLCM Second Moment (Band 4, 3 x 3 window, X 
shift) 
68m 0.15 0.05 
GLCM Second Moment (Band 4, 7 x 7 window, X 
shift) 
68m 0.05 0.04 
 
 
  
 
Table 2.  Descriptive statistics of core remotely sense variables derived from SPOT 5 imagery, 
including mean and standard deviation 
 
Remotely sensed variable Region of 
Interest 
Mean σ 
NDVI 70m 0.18 0.06 
SR 30m 1.50 0.22 
SR 70m 1.46 0.18 
Mean spectral reflectance (Band 1) 10m 43.67 6.74 
Mean spectral reflectance (Band 1) 30m 44.22 5.86 
Mean spectral reflectance (Band 2) 10m 38.14 8.78 
Mean spectral reflectance (Band 2) 30m 38.84 7.40 
Mean spectral reflectance (Band 4) 30m 14.22 2.92 
GLCM Contrast (Band 1, 3 x 3 window, - shift) 10m 8.61 7.65 
GLCM Contrast (Band 3, 7 x 7 window, - shift) 70m 7.24 3.52 
GLCM Contrast (Band 3, 7 x 7 window, Y shift) 70m 6.52 3.49 
GLCM Correlation (Band 3, 3 x 3 window, Y shift) 70m -116.84 88.27 
GLCM Correlation (Band 4, 3 x 3 window, Y shift) 50m -68.29 107.89 
GLCM Dissimilarity (Band 3, 7 x 7 window, Y shift) 70m 1.88 0.56 
GLCM Dissimilarity (Band 4, 7 x 7 window, - shift) 70m 1.43 0.60 
GLCM Homogeneity (Band 2, 3 x 3 window, Y shift) 10m 0.28 0.19 
GLCM Mean (All bands, 3 x 3 window, - shift) 30m 18.03 4.20 
GLCM Mean (All bands, 5 x 5 window, - shift) 10m 18.31 4.13 
GLCM Mean (All bands, 7 x 7 window, - shift) 30m 18.80 4.18 
GLCM Mean (Band 1, 3 x 3 window, - shift) 30m 12.49 3.87 
GLCM Mean (Band 1, 5 x 5 window, Y shift) 70m 13.39 3.92 
GLCM Mean (Band 1, 7 x 7 window, - shift) 10m 13.21 3.81 
GLCM Mean (Band 1, 7 x 7 window, X shift) 70m 13.54 4.00 
GLCM Mean (Band 1, 7 x 7 window, Y shift) 30m 13.27 3.90 
GLCM Mean (Band 1x2x3, 3 x 3 window, - shift) 30m 6099.90 4948.24 
GLCM Mean (Band 2, 3 x 3 window, - shift) 10m 19.86 6.43 
GLCM Mean (Band 2, 3 x 3 window, - shift) 30m 20.28 6.18 
GLCM Mean (Band 2, 7 x 7 window, - shift) 10m 21.49 6.14 
GLCM Mean (Band 2, 7 x 7 window, X shift) 70m 22.02 6.48 
GLCM Mean (Band 2, 7 x 7 window, Y shift) 30m 21.58 6.28 
GLCM Mean (Band 3, 5 x 5 window, Y shift) 10m 20.97 7.08 
GLCM Mean (Band 3, 7 x 7 window, - shift) 10m 21.11 2.56 
GLCM Mean (Band 3, 7 x 7 window, Y shift) 70m 21.04 7.88 
GLCM Mean (Band 4, 3 x 3 window, - shift) 10m 18.25 5.09 
GLCM Mean (Band 4, 7 x 7 window, X shift) 70m 19.69 5.02 
GLCM Mean (Band 4, 7 x 7 window, Y shift) 50m 19.50 4.98 
GLCM Second Moment (All bands, 5 x 5 window, Y 
shift) 
30m 0.08 0.06 
GLCM Variance (All bands, 7 x 7 window, X shift) 70m 16.86 12.37 
GLCM Variance (Band 3, 3 x 3 window, - shift) 70m 5.49 3.27 
GLCM Variance (Band 3, 5 x 5 window, Y shift) 70m 7.27 4.46 
GLCM Variance (Band 3, 7 x 7 window, X shift) 70m 8.00 4.83 
 
  
 
 
